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Theme Statement 

The tragedy of September 11 had immeasurable and permanent effects on the United 
States and the rest of the world and brought issues of security and defense to the 
forefront.  To help prevent such disasters, a successful security program would include 
provisions to secure borders, the transportation sector, and critical infrastructure.  A 
critical enabler of such a program would be the ability to synthesize and analyze data 
from multiple sources.   

The purpose of this workshop is to discuss ways in which data mining and machine 
learning can be used to analyze data from numerous sources of high-complexity for the 
purpose of preventing future terrorist activity.  This is inherently a multidisciplinary 
activity, drawing from areas such as intelligence, international relations, and security 
methodology.  From the data mining and machine-learning world this activity draws from 
scalable text mining, data fusion, data visualization, data warehousing methods.  Papers 
in these areas with clear application to the issues of counter terrorism are particularly 
solicited. 

 

Topics of interest include: 

•        Methods to integrate heterogeneous data sources, such as text, 
internet, video, audio, biometrics, and speech 

•        Scalable methods to warehouse disparate data sources 
•        Identifying trends in singular or group activities 
•        Pattern recognition for scene and person identification 
•        Data mining in the field of aviation security, port security, bio-

security 
•        Data mining on the web for terrorist trend detection. 



 

Program Committee 

Dorothy Denning, Georgetown University  
Jiawei Han, University of Illinois, Urbana-Champaign  
John James, West Point 
Anupam Joshi, University of Maryland, Baltimore County 
Steve Kornguth, University of Texas, Austin  
Rick Lawrence, IBM TJ Watson Laboratory  
Nagiza Samatova, Oak Ridge National Laboratory 
Ashok Srivastava (Chair), NASA Ames Research Center 
Jeff Ullman, Stanford University  

 

Organizing Committee 

Ashok N. Srivastava (Chair), NASA Ames Research Center 
Daniel Barbara, George Mason University 
Hillol Kargupta, University of Maryland Baltimore County 
Vipin Kumar, University of Minnesota and Army High Performance Computing 
Research Center 

 

Keynote Speaker 

Professor David Jensen, University of Massachusettes Amherst 

David Jensen is Research Assistant Professor of Computer Science and Director of the 
Knowledge Discovery Laboratory at the University of Massachusetts Amherst.  He 
received his Doctor of Science degree from Washington University in St. Louis in 1992.  
From 1991 to 1995, Dr.  Jensen was an analyst with the Office of Technology 
Assessment, an agency of the United States Congress.  While at OTA, he helped produce 
the first major assessment of data mining technologies for detecting money laundering.  
Dr. Jensen's current research focuses on relational knowledge discovery, with 
applications in intelligence analysis, web mining, and fraud detection.  Dr. Jensen serves 
on program committees for the International Conference on Knowledge Discovery and 
Data Mining (KDD) and The International Conference on Machine Learning (ICML).  
He is a member of the American Association for Artificial Intelligence, The ACM 
Special Interest Group on Knowledge Discovery and Data Mining, and Computer 
Professionals for Social Responsibility. 
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ê Û®Ñ3Ñ3é­Ø¦ë�ì�Ò3Õ¦Ñ3ØoÙ·Ñ3ÕXÒ2Ô	ß Û�Ò�Ö/ØoÐnÕXæ$ØoÒ2Û�Ñ3Ï­ÐCÝ�Ô�è/Ô�Ñ3Ø;Ü�ÔoÚ/ÐCØ·ÑFÞ�Õ¦Ò2ç/Ô;Ú
Û�Ð ÖíÛ�æ æCé¶Ï©Ù;Û�Ñ3Ï­Õ¦Ð Ô,Þ�ß Ï¶é­Ø8Û®Ñ3Ñ2ÛXÙ�ç¦Ø;Ò�Ô�î Ð Öíï~ÓCé­ÐCØ;Ò�Û�ê Ï¶é­Ï�Ñ2Ï¶ØWÔ,Ï¶Ð
Û�Ð~è-Õ�ðCÑ2ßCØoÔ3Ø�Û�Ò2ØoÛXÔ;ë"ñEÕ®Þ	Øoï¦ØoÒoÚWÑ3ß Ø;Ò2Ø�Û¦Ò3Ø�ðòÕ¦ÓCÒUðòÓ Ð ÖCÛ�Ü.ØoÐXÑ�Û�é
Û¦Ô3èAÜ.Ü.Ø·Ñ2Ò3Ï­ØoÔEÑ3ß$Û®Ñ>ðóÛ�ï¦Õ¦Ò>Û®Ñ3Ñ2Û¦Ù�çXØ;Ò�Ô�Ï­ÐôÑ3ß Ï­Ô,ê Û�Ñ�Ñ2é¶ØXõSöF÷�øEÛ¦Ð
ù ÐXÑ2Ø;Ò2ÐCØ·ÑÉÙ·ÕXÐCÐCØWÙ�Ñ3Ï­Õ¦Ð�æCÒ2Õ®ï~Ï­Ö/ØWÔ8Þ�Õ¦Ò2é©Ö/Þ�Ï­ÖCØ�Û¦ÙoÙ·ØWÔ3ÔnðòÕ¦ÒÉÛ¦é¶é
Û®Ñ�Ñ�Û¦Ù�çXØ;Ò�ÔyÖ/Ï­Ò3ØWÙ�Ñ3é­ètÑ3ÕtÛ�Ð~è{Ü�Û¦Ù�ßCÏ­ÐCØ¦ÚÃöLú¦øyÞ�ßCÏ¶é­Ø¬æCÒ3Õ¦Ñ3ØWÙ�Ñ3ÕXÒ2Ô
ÜSÓ Ô�Ñ{æ$Û®Ñ2Ù�ß=Û�é­é�ï~ÓCé­ÐCØ;Ò�Û�ê Ï¶é­Ï�Ñ2Ï¶ØWÔ;Ú�Û�Ð=Û�Ñ�Ñ�Û¦Ù�ç¦ØoÒ�ÜSÓ$ÔFÑtÕ¦ÐCé­è
î Ð ÖwÛ¦Ð Ö:Ø·û/æCé­Õ¦Ï¶ÑnÕXÐCØôï~ÓCé­ÐCØ;Ò�Û�êCÏ­é­Ï�ÑFè�öóÛ¦é¶é>Ï�ÑnÑ2Û¦ç¦ØoÔ8Ï­Ô8Õ¦ÐCØ
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Û�é­é�Ï¶ÑEÑ�Û�ç¦ØWÔyÏ©ÔEÕXÐCØ»Û�Ñ�Ñ�Û¦Ù�ç¦ØoÒ�Ñ3Õ8î Ð Ö�Û�Ð ÖôÖCØ;ï¦Øoé¶ÕXæÉØ·û/æCé­Õ¦Ï¶Ñ2Ô
ðòÕ¦Ò¬ÓCÐCæ Û�Ñ2Ù�ßCØWÖ¼ï~ÓCé¶Ð Ø;Ò�Û�êCÏ­é¶Ï¶Ñ3Ï­ØoÔ¬Ô3Ï¶Ð Ù;Ø8Ø;û~æ é¶ÕXÏ�Ñ�Ô»Û¦Ò3Ø{Ô�ß Û¦Ò3ØWÖ

ý�þ�ÿ��������®ÿ	��

�������������������������������������������� �����������ÿ���������!#"­þ$
��� $%
& þ�ÿ��������®ÿ	��

�������������������������������������������� �����������ÿ���������!#"­þ$
��� $%
')( ���*�,+-�	�.

����������������������������/102��� 31+.�	��45�������*����!�6-0$

7,( ���*�,+-�	�.

����������������������������/102��� 31+.�	��45�������*����!�6-0$

8 ( ���*�,+-�	�.

����������������������������/102��� 31+.�	��45�������*����!�6-0$

9 ( ���*�,+-�	�.

����������������������������/102��� 31+.�	��45�������*����!�6-0$

ý3ý�þ�ÿ��������®ÿ	��

�������������������������������������������� �����������ÿ���������!#"­þ$
��� $%
&:& þ�ÿ��������®ÿ	��

�������������������������������������������� �����������ÿ���������!#"­þ$
��� $%
':' þ�ÿ��������®ÿ	��

�������������������������������������������� �����������ÿ���������!#"­þ$
��� $%

ê�Ø·ÑFÞ�Ø;ØoÐ¬Û�Ñ�Ñ�Û¦Ù�ç¦ØoÒ2ÔoÚ�Û�Ð$Önö<;Aø�Ñ3ß Ø�Ø;é­Ø;Ü.Ø;ÐAÑfÕ�ðiÔ�Ó Ò3æCÒ2Ï©Ô�Ø>="ÐCØoÞ
Ó Ð Ö/Õ/Ù·ÓCÜ.ØoÐXÑ2ØoÖ�Û�Ñ�Ñ�Û¦Ù�ç/ÔEö@?nÖ Û�è~Ô�øfÛ¦Ò3Øyê�Ø;Ï­ÐCÝ¬Ù·Õ¦ÐAÑ2Ï¶Ð~ÓCÕXÓ Ô�é­è
ÖCØ;ï¦Øoé¶ÕXæ$ØWÖ Û¦Ð Ö Ó$Ô�ØWÖ Û®Ñ-ÕXæCæ$ÕXÒ�Ñ2ÓCÐCØ»Ñ3Ï­Ü.ØoÔ-Û�Ð$Ö�Ô3Ï�Ñ2Ó Û®Ñ2Ï¶ÕXÐ Ô
ÖCØoÔ3Ï¶ÝXÐCØoÖ8Ñ3Õ.Ü�Û®û/Ï­Ü¬Ï�A;Ø
Û�Ñ�Ñ�Û¦Ù�ç�Ø�B]ØoÙ·Ñ3Ï­ï¦ØoÐCØoÔ2Ô;ë

C Ð Ù;Ø¼Ñ3ß Ï­Ô ê Û®Ñ3Ñ3é­Ø'ß Û¦Ö�é­Õ®Þ ÔFÑ�Û�çXØoÔoÚ-êCÓ/ÑsÔ3Ï­Ð Ù·ØEDGF~÷¦÷
Ñ2ßCØ
Ô�Ñ2Û�çXØoÔ�ß Û�ïXØ-Ò3Ï©Ô3Ø;ÐnÑ3Õ�Ï­Ð Ù·é­Ó Ö/Ø
Ù;Õ¦Ð Ô3Ï©Ö/Ø;Ò�Û®Ñ2Ï¶ÕXÐnÕ¦ðUÙ;èAê�Ø;Ò)=
Ñ2Ø;Ò2Ò3ÕXÒ3Ï©Ô�Ñ2ÔIH{Ñ3Ø;Ò2Ò2Õ¦Ò2Ï­Ô�Ñ2Ô�Þ�ß Õ�Ñ2Û¦Ò3ÝXØ·Ñ>ÓCÐ Ö/ØoÒ3é­è~Ï¶ÐCÝnÙ·Õ¦Ü.æCÓCÑ3Ø;Ò)=
ê$Û¦Ô3ØoÖ-Ô3è~Ô�Ñ3ØoÜ�Ô"Ù·ÕXÐAÑ3Ò2Õ¦é­é¶Ï­ÐCÝyÙ·Ò2Ï¶Ñ3Ï©Ù;Û�éXÏ¶ÐCðòÒ2ÛXÔFÑ2Ò3Ó Ù·Ñ3ÓCÒ2ØoÔ�Ô�Ó$Ù�ß
Û¦Ô
Ô�Ñ3Õ/Ù�çôÜ�Û¦Ò3çXØ·Ñ2ÔoÚiØ;é­ØoÙ·Ñ3Ò2Ï­Ù¬æ�Õ®Þ	ØoÒ-Ý¦Ò2Ï­Ö5Ú5ï®Û�Ò2Ï¶ÕXÓ Ô�Ñ3Ò�Û�Ð Ô3æ$ÕXÒ�Ñ�ÛJ=
Ñ2Ï¶ÕXÐ[Ô�è/Ô�Ñ3Ø;Ü�ÔoÚ	Ø;Ñ2Ù¦ëLK[ßCÏ­é¶Ø�ÛNMPO:QSR�TsÛ�Ñ�Ñ�Û¦Ù�ç_ÕXÐ7Û¼Ù;Õ¦ÜU=
æ Ó/Ñ3ØoÒ�Ô3è/ÔFÑ2Ø;Ü�Ô�Ó æCæ$ÕXÒ�Ñ2Ï¶Ð ÝEÛEÙ;Ò3Ï¶Ñ3Ï©Ù;Û¦é¦Ï­Ð/ðòÒ2ÛXÔFÑ2Ò3Ó$Ù�Ñ3Ó Ò3ØÃß$Û¦Ô�ÐCÕ�Ñ
èXØ·ÑSÕ/ÙoÙ·ÓCÒ2Ò3ØWÖ.VWÚ�Ñ3ßCØnæ$ÕAÔ3Ô3Ï­êCÏ¶é­Ï¶ÑFè�Õ¦ð�ß~ÓCÜ�Û¦Ð'Ù;Û¦Ô3Ó Û¦é�Ñ2Ï¶ØWÔ
Û�Ð Ö
ØWÙ·ÕXÐCÕ¦Ü.Ï©Ù
Ö/Ï©Ô�Ò2ÓCæ/Ñ2Ï¶ÕXÐôÜ�Û�ç¦ØWÔ�Ñ2ßCÏ­Ô>Û�Ð Ï¶Ü.æ�Õ¦Ò3Ñ2Û�ÐAÑ�Ñ3Õ¦æ Ï­Ù
ðòÕ¦Ò
Ô�Ñ3Ó$Ö/è¦ë

C ÐCØ{Ù·ÕXÓCÐAÑ3Ø;Ò)=LÑ3Ø;Ò2Ò2Õ¦Ò2Ï­Ô3ÜJÔFÑ2Ò2Û�Ñ3ØoÝ¦èíÛ�ÝXÛ¦Ï¶Ð$ÔFÑSÛ�Ñ�Ñ2ÛXÙ�ç/Ô
Õ¦Ð
Ð Ø·ÑFÞ�Õ¦Ò2ç¦ØoÖ Ù·Õ¦Ü.æCÓCÑ3Ø;Ò
Ô3è/ÔFÑ2Ø;Ü�Ô>Ï­Ô>Ñ2ÕÉÖ/Ø;ï~Ï©Ô�Ø¬ê$Ø;Ñ�Ñ2Ø;ÒSÖ/Ø;Ñ3ØWÙ�=
Ñ2Ï¶ÕXÐ¬Ñ3Õ~Õ¦é©Ô;ë�K[ßCÏ­é¶ØyÏ¶ÑÃÏ©ÔÃÖ/ÏXW�Ù;ÓCé¶ÑEöóÛ�Ð$Ö»é­Ï­ç¦Ø;é­èSÏ­Ü.æ$ÕAÔ3Ô3Ï­êCé¶Ø�ø�Ñ3Õ
ß$Û�Ò�Ö/Ø;ÐÉÛ�Ð~ènÐCØ·ÑFÞ�Õ¦Ò2ç¦ØWÖnÔ3è/ÔFÑ2Ø;Ü�Û¦ÝXÛ¦Ï¶Ð Ô�ÑEÛ�é­é"Û�Ñ�Ñ2ÛXÙ�ç/Ô;ÚCÜ.ÕAÔFÑ
Û�Ñ�Ñ�Û¦Ù�ç/Ô�Ö/Õ�ÐCÕ�ÑyÕ/ÙoÙ·ÓCÒ�Ï­Ð Ô�Ñ2Û�ÐAÑ�Û�ÐCØoÕ¦Ó Ô3é¶è�ê Ó/ÑEÒ�Û®Ñ3ß Ø;Ò�ß Û�ï¦Ø-Û
ÖCØ·î ÐCÏ¶Ñ3Ø,Ô3Ø�YAÓCØ;Ð$Ù·Ø>Õ�ð"Øoï¦Ø;ÐAÑ�Ô�öòðòÒ3ÕXÜ Ò3ØWÙ·Õ¦Ð Ð Û�Ï©Ô3Ô2Û�Ð$Ù·Ø�Ñ2Õ¬Ô3è/Ô�=
Ñ2Ø;Ü Ù�ß Û¦ÐCÝ¦ØWÔ-ÓCæ�Õ¦Ð_Ù;Õ¦Ü.æCÒ2Õ¦Ü.Ï­Ô3ØWø�Ñ2ß Û®Ñ.Ù;Û¦Ð¼ê$ØnÏ­Ö/ØoÐAÑ3Ï¶î ØoÖ
Û¦Ð ÖnÑ3Ò�Û¦Ù�çXØoÖnÒ3ØWÔ�ÓCé¶Ñ3Ï­ÐCÝ�Ï­ÐÉØ;Ï¶Ñ3ßCØoÒyÑ2ßCØ
æCÒ2Ø;ïXØ;ÐAÑ3Ï­Õ¦Ð{Õ�ðÃÛ�ÐÉÛ�Ñ,=
Ñ�Û¦Ù�ç¬Ï¶Ð�Ò2ØoÛ¦éZ=LÑ3Ï­Ü.ØyÕ¦Ò	Ò3ØWÛ¦Ù·Ñ3Ï­ÐCÝ,Ñ3Õ¬Û�Ð�Û®Ñ3Ñ2ÛXÙ�ç¬Ô3Õ~Õ¦ÐCØoÒ�Û®ð Ñ2Ø;Ò�Ï¶Ñ
ß$Û¦Ô�Õ~ÙoÙ·ÓCÒ2Ò2ØoÖië2[�Ñ3Ñ2ÛXÙ�ç¦Ø;Ò�Ô�Ò3ØWÛ�é­ÏXAoØfÑ3ßCÏ©ÔUÛ�Ð Ö
Ñ3Ò2è>Ñ3Õ>Õ¦ê/ðòÓ Ô2Ù;Û�Ñ3Ø
Ñ2ßCØ;Ï­Ò	Ñ3Ò�Û�Ï­é ðòÒ2Õ¦Ü Ï¶ÐAÑ2Ò3Ó Ô3Ï­Õ¦Ð8Ö/Ø;Ñ3ØWÙ�Ñ3Ï­Õ¦ÐnÔ�è/Ô�Ñ3Ø;Ü�Ô>ö ù�\^] Ô�øÃÞ�Ï¶Ñ3ß
Ñ2Ï¶Ü.Ø¬öòê�Õ�Ñ3ß8ï¦Ø;Ò2è»ðóÛ¦Ô�Ñ	Û�Ð Ö�ï¦Ø;Ò2è»Ô3é­Õ®ÞEø�Ú~Ö/ØoÙ;Ø;æ/Ñ2Ï¶ÕXÐ5ÚXé­Ø;ïXØ;é©ÔÃÕ¦ð
Ï­Ð Ö/Ï­Ò2ØoÙ�Ñ2Ï¶ÕXÐ5Ú5Ø;Ñ2Ù�ë�Û¦Ð Ö�Ï¶ÐíÜ�Û�Ð~èôÙ;ÛXÔ�ØWÔ>Ñ3ßCÏ©Ô,ß ÛXÔ,ê$ØoØ;Ð¼Ô�Ó$Ù�=
Ù;ØoÔ2ÔFðòÓ éMë`_�ßCØ,Û�æCæ é¶Ï©Ù;Û�Ñ3Ï­Õ¦Ð�Õ¦ð�ÖCÛ®Ñ�ÛSÜ.Ï­ÐCÏ­ÐCÝSÑ2ÕSÑ2ßCÏ©Ô	æ Ò3ÕXêCé¶ØoÜ
Ï©Ô¬ÛÉßCÏ­Ý¦ßCØoÒ,=|é¶Øoï¦Øoé	Û®Ñ3Ñ3ØoÜ¬æCÑ»Ñ2Õ�Ö/Ï©Ô3Ù;Õ®ï¦ØoÒSÔ�ØoÜ�Û�ÐAÑ3Ï©Ù�Ù·ÕXÐCÐCØWÙ�=
Ñ2Ï¶ÕXÐ Ôfê�Ø·ÑFÞ�Ø;ØoÐ�Û®Ñ�Ñ�Û¦Ù�çXØ;Ò�Ñ3Ò�Û¦Ù;ØoÔfÏ­Ð�Ù·ÕXÜ¬æ Ó/Ñ3ØoÒÃÐCØ·ÑFÞ�Õ¦Ò2çSÖCÛ�Ñ2Û
Ñ2ß Û®ÑyÏ­ÐAÑ3Ò2Ó Ô3Ï¶ÕXÐnÖ/Ø;Ñ3ØoÙ·Ñ3Ï­Õ¦ÐÉÔ3è~Ô�Ñ3ØoÜ�Ô�Ü¬Ï©Ô2Ô;ë

å ÕXÜ¬Ü.ÕXÐCé¶è=ÓCÐ Ö/ØoÒ2Ô�Ñ3Õ~Õ/Ö�æCÒ2Ø;Ò2Ø�YAÓCÏ©Ô�Ï¶Ñ3Ø¼Ï­Ð/ðòÒ�Û¦Ô�Ñ3Ò2Ó Ù�Ñ2ÓCÒ3Ø
Ñ2Õ7ðóÛ¦Ù·Ï­é­Ï�Ñ�Û®Ñ3Ø'Ö Û®Ñ2Û7Ü.Ï­ÐCÏ¶Ð Ý[Ï¶Ð Ù;é¶Ó$Ö/ØoÔÉÜ�ÛXÔ3ÔÉÔ�Ñ3ÕXÒ2Û¦Ý¦Ø¦Ú>æCÒ2Õ�=
Ù;ØoÔ2Ô�Ï­ÐCÝ'æ�Õ®Þ�Ø;ÒWÚyÖCÛ®Ñ�Û¼Ü.Ï¶ÐCÏ­ÐCÝ:Ô�Õ¦ð ÑFÞ�Û¦Ò3ØXÚ�Û�Ð ÖwÛ�ÖCÛ®Ñ�Û�ê ÛXÔ�Ø
Ü�Û¦Ð Û�ÝXØ;Ü.Ø;ÐAÑ{Ô3è/ÔFÑ2Ø;Ütë ñyÕ®Þ�Ø;ïXØ;ÒWÚyÛ_é©Û¦Ô�Ñ{ÛXÖCÖ/Ï¶Ñ3Ï­Õ¦Ð Û¦éMÚ�Õ�ð5=
Ñ2Ø;Ð�Ï­Ý¦Ð Õ¦Ò2ØoÖiÚ�æ Ò3ØoÒ3Ø*YXÓ Ï­Ô3Ï�Ñ2ØyÏ©Ô�Û
Ô2Ù;Û¦é­Û¦êCé¶Ø�ÖCÛ®Ñ�Û-Ü�Û�Ð Û¦Ý¦Ø;Ü.ØoÐXÑ
Ô�Ñ3Ò�Û®Ñ2Ø;ÝXè¦ëa_�ßCØoÒ3Ø�ß Û¦Ônê�Ø;Ø;Ð=é¶Ï¶Ñ�Ñ2é¶ØsÞ�Õ¦Ò2ç'ðòÕ/Ù·Ó Ô3Ï­ÐCÝ�Ô3æ$ØWÙ·Ï¶ð5=

b 45!����£ÿ�����cd���������.ÿ��<�|ÿ	��e�!gf®ÿ,3��h��������������ci!����jf_ÿ	!Pc���!<������k��*���,c
c������£ÿ	� 65�	�Z65!�����3�������ÿ����Lÿ	�jeS!	ÿ	�·ÿ	���*!��`�>��� �����*���#�������®ÿ	�*���,!,/�lm��k�!�� ���>c*��6
�©ÿ	���������S��!)/�ÿ	��cn!��®ÿ	�½ÿ��<�Lÿ	�je�!ok����p��f*�,ÿ	�*��f�����!Ic��q�*�	�I�X�,���m��f���!��
ÿ����Lÿ	�jeS!@����!��@���I��f*�#���:3����G�	� ÿI�yÿ)r����5ÿ��<�|ÿ	��e1+



Ï­ÙoÛ�é­é¶è�Õ¦ÐwÖCÛ�Ñ2ÛíÜ�Û�Ð Û¦Ý¦ØoÜ¬ØoÐAÑ�ðòÕ¦Ò8ÖCÛ�Ñ2ÛíÜ.Ï­ÐCÏ¶Ð Ý Ú�Ò2ØoÔ3ØoÛ�Ò�Ù�ß
Û¦Ô2Ô�ÓCÜ.ØWÔ"ÖCÛ�Ñ2ÛyÏ©Ô�Û�ï�Û¦Ï¶é©Û�ê é¶Ø�ÛEæCÒ2Ï¶ÕXÒ3ÏXÑ3Õ>ÛEÖCÛ�Ñ2ÛyÜ.Ï­ÐCÏ­ÐCÝ�Û¦æCæCé­ÏZ=
Ù;Û®Ñ2Ï¶ÕXÐnÛ¦Ð Ö8Ï­Ð Ô�Ñ3ØWÛ¦Ö8ðòÕ~Ù;Ó Ô3ØoÔ�Õ¦ÐtÖ/Ø;ïXØ;é­Õ¦æCÏ­ÐCÝ¬Ü.Õ¦Ò2Ø�ØSB�ØWÙ�Ñ3Ï­ï¦Ø
ÖCÛ®Ñ�ÛEÜ.Ï­ÐCÏ¶Ð Ý,Û¦é¶ÝXÕ¦Ò2Ï�Ñ2ßCÜ�Ô;ë ��ñEÕ®Þ	Øoï¦Ø;ÒWÚ�æCÒ�Û¦Ù�Ñ2Ï­ÙoÛ�é~Ø·û/æ�Ø;Ò2Ï¶ØoÐ Ù·Ø
Ô�ßCÕ®ÞyÔ�Ñ2ß Û®Ñ�ÖCÛ�Ñ2Û,Ü�Û�Ð$Û�Ý¦ØoÜ.Ø;ÐAÑUðòÕ¦ÒÃÖCÛ�Ñ2Û>Ü.Ï¶ÐCÏ­ÐCÝ
ÙoÛ�Ð¬ê$ØyÛ¦éZ=
Ü¬ÕAÔFÑ5Ï­ÐAÑ3Ò�Û¦Ù·Ñ2Û�ê é¶ØfØWÔ�æ�ØoÙ;Ï­Û¦é¶é­èyðòÕXÒ"Û�ßCÏ­Ý¦ß,ï¦ÕXé¶Ó Ü¬ØÃÛ¦æCæCé­Ï­ÙoÛ®Ñ2Ï¶ÕXÐ
Ö/Õ¦Ü�Û�Ï­ÐtÔ�Ó Ù�ßtÛ¦Ô�Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò�ÐCØ;ÑFÞ	ÕXÒ3çnÔ�ØWÙ·ÓCÒ2Ï�ÑFèXë

[EÓ Ö/Ï¶Ñ	é­Õ¦ÝAÔÃÓ Ô3ØoÖ¬Ñ2Õ
Ü.Õ¦ÐCÏ¶Ñ3ÕXÒ	Ù·ÕXÜ.æCÓ/Ñ3ØoÒÃÐCØ;ÑFÞ	ÕXÒ3ç¬Ô�ØWÙ·Ó =
Ò3Ï¶ÑFè¬Ô2Ù;Û¦é¶Ø�Þ�Ï¶Ñ3ß�Ñ3ßCØ>Ô�Ï�A;ØyÕ¦ðiÑ3ßCØ�Ï¶Ð$ÔFÑ2Ò3ÓCÜ.ØoÐXÑ2ØoÖ.ÐCØ;ÑFÞ	ÕXÒ3ç»êCÓ/Ñ
Û�Ò2Ø-ÑFè~æCÏ­ÙoÛ�é­é¶ètÏ­ÐôÑ2ßCØ�����Ò�Û�ÐCÝXØ
æ�Ø;Ò,ÖCÛ�è{ðòÕ¦Ò>Ü¬ØWÖ/Ï­ÓCÜJÔ�Ï�A;Ø
Õ¦Ò2ÝXÛ�Ð ÏXAWÛ®Ñ3Ï­Õ¦Ð$Ô;ë�_�ßCØ�Ô2Ù·Õ¦æ�Ø�Õ�ðCÑ2ßCØ�Ö Û®Ñ2Û�Ü�Û�Ð Û¦Ý¦ØoÜ¬ØoÐAÑ�æCÒ2Õ¦ê =
é¶ØoÜ ê�ØoÙ;Õ¦Ü.ØoÔ�Ù·é­ØoÛ¦Ò�Þ�ßCØoÐnÙ;Õ¦Ð Ô3Ï­ÖCØ;Ò2Ï¶ÐCÝSÜSÓCé¶Ñ3Ï­æCé­Ø�Û�Ó$Ö/Ï�Ñ�é­Õ¦ÝXÔ
Ò3ØoÜ¬Õ¦Ñ3Øoé¶è{Ô3ÙoÛ®Ñ�Ñ2Ø;Ò2ØoÖÉÛXÙ·Ò2ÕXÔ2Ô�Û�ÐCØ·ÑFÞ�Õ¦Ò2ç]ëI_�ß Ø;Ò2Ø
Û�Ò2ØSÔ�Øoï¦ØoÒ2Û¦é
ÖCÛ®Ñ�ÛôÜ�Û�Ð Û¦Ý¦ØoÜ¬ØoÐAÑ»Û�é¶Ñ3ØoÒ3Ð Û�Ñ3Ï­ï¦ØWÔ,Ñ3ß Û�Ñ¬Ü�Û�èsÕ�B]Ø;Ò¬æ$ÕAÔ3Ô3Ï­êCé¶Ø
Ô�ÕXé¶Ó/Ñ2Ï¶ÕXÐ Ô�êCÓ/ÑEÛ¦é¶é"ß Û�ï¦Ø-Ù·Ó Ò3Ò2Ø;ÐAÑ�Ñ3ØoÙ�ß ÐCÏ­ÙoÛ�é"ÖCÒ2Û�Þ�ê ÛXÙ�ç/ÔÃÑ2ß Û®Ñ
ÜSÓ Ô�Ñ�î Ò�ÔFÑ�ê�Ø-Õ®ï¦Ø;Ò�Ù·ÕXÜ.Ø¦ë

ù Ð.Ñ2ßCÏ©Ôfæ Û�æ�Ø;Ò�Þ	Ø�ðòÕ/Ù·Ó Ô	Ô�æ�ØoÙ;Ï�î�Ù;Û�é­é­è
Õ¦Ð����	O
	XO��
	��=Ö Û®Ñ2Û
Ü.Û¦Ð Û�ÝXØ;Ü.Ø;ÐAÑ�ðòÕ¦ÒfÖCÛ®Ñ�ÛEÜ.Ï­ÐCÏ­ÐCÝ�Ï­Ð»Ñ3ßCØ�Ö/ÕXÜ.Û¦Ï¶Ð»Õ�ð$Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò
ÐCØ·ÑFÞ�Õ¦Ò2ç»Ô3ØoÙ;ÓCÒ3Ï¶ÑFè¬êAè�Ù;Õ¦Ü.æ Û�Ò2Ï­ÐCÝ
Ô3Ù�ß Ø;Ü.ØoÔÃðòÒ3ÕXÜ�Ñ2ßCØ�é­Ï¶Ñ3Ø;Ò�ÛJ=
Ñ3ÓCÒ2ØnÛ¦Ð Ö'Ô3ß Û�Ò2Ï¶Ð ÝÉæCÒ2ÛXÙ�Ñ2Ï­ÙoÛ�é�Ï­Ü.æCé­Ø;Ü.Ø;ÐAÑ2Û�Ñ3Ï­Õ¦Ð'Ø;û/æ$ØoÒ3Ï­Ø;Ð Ù;Ø¦ë
_�ßCØ¼Ò3ØoÜ�Û�Ï­Ð Ö/Ø;ÒtÕ¦ð»Ñ2ßCÏ­Ôôæ Û�æ�Ø;ÒÉÏ©ÔÉÕ¦Ò2ÝXÛ¦ÐCÏ�A;ØoÖ=Û¦Ô{ðòÕXé¶é­Õ®ÞyÔ;õ
] ØoÙ·Ñ3Ï­Õ¦Ð[ú Ò2Ø;ï~Ï­Ø;ÞyÔ.æCÒ2Ø;ï~Ï­Õ¦Ó Ô¬Þ�Õ¦Ò2ç¼Ï¶Ð[ÖCÛ�Ñ2ÛsÜ�Û�Ð Û¦Ý¦ØoÜ¬ØoÐAÑ
ðòÕ¦Ò ù�\^] Ôoë ] ØoÙ�Ñ2Ï¶ÕXÐ�ü0Ô3ÓCÜ.Ü�Û�Ò2ÏXAoØoÔ�Û�Ó Ö/Ï¶Ñ�é­Õ¦ÝAÔÉðòÕXÒ�æCÒ2Õ�=
ïAÏ©Ö/Ï­ÐCÝíÙ·Õ¦Ü.æCÓCÑ3Ø;Ò.ÐCØ;ÑFÞ	ÕXÒ3çíÔ3ØoÙ·Ó Ò3Ï¶ÑFè¦ë ] ØWÙ�Ñ2Ï¶ÕXÐd;sæCÒ3Õ®ï~Ï©Ö/ØoÔ
Û�ÐíÕ®ï¦ØoÒ3ï~Ï­Ø;Þ½Õ¦ð�Ï­Ü.æCé¶ØoÜ.Ø;ÐAÑ2Û�Ñ3Ï­Õ¦Ð Ô,ÓCÐ$Ö/Ø;ÒSÖCØ;ï¦Øoé¶ÕXæCÜ.Ø;ÐAÑSÛ®Ñ
� å ] [Së1KsØ�Ø;Ð Ö¬Þ�Ï¶Ñ3ß�Û,Ô�Ó Ü¬Ü�Û¦Ò3èSÛ¦Ð Ö.Ù·ÕXÐ Ù·é­Ó Ô3Ï¶ÕXÐ ÔUÏ¶Ð ] ØWÙ�=
Ñ3Ï­Õ¦Ð��/ë

� � äò� È �®�/�Wã"� È��nÈ�� ä ÈAË
ù Ð8Ñ2Ø;Ò2Ü.Ô�Õ¦ð�ÖCÛ�Ñ2Û»Ü�Û�Ð Û¦Ý¦Ø;Ü.ØoÐXÑWÚ~Þ	Ø-Ö/Ï©ÔFÑ2Ï¶Ð Ý¦ÓCÏ©Ô�ßnÑ3ß Ò3ØoØ>Ö/Ï¶ð5=
ðòØ;Ò2Ø;ÐAÑ�Ô�Ñ2Û®Ñ2ØoÔoõ ö�÷WøÉÖ Û®Ñ2Û0Ù·Õ¦é­é­ØoÙ�Ñ2Ï¶ÕXÐ5Ú8öLú¦øôÖ Û®Ñ2ÛwÒ3Ø;Ñ3Ò2Ï¶Øoï�Û¦éMÚ
Û�Ð Ö[öMüXø
Ö Û®Ñ2ÛôæCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝ ë�� Õ¦Ò
Ñ2ßCØ8æ ÓCÒ3æ�ÕXÔ3ØoÔ
Õ�ð�Ñ3ß Ï­ÔSæ ÛJ=
æ$ØoÒoÚ0Ö Û®Ñ2Û.Ù;Õ¦é­é¶ØWÙ�Ñ3Ï­Õ¦Ð Ò3Ø;ðòØ;Ò�ÔSÑ2Õ¼ÐCØ·ÑFÞ�Õ¦Ò2ç =Lê$Û¦Ô3ØoÖ¼ÕXÒ�ßCÕXÔ�Ñ,=
ê Û¦Ô3ØoÖ¼Ô3Ø;Ð Ô3Õ¦Ò�Ô-ÝXØ;ÐCØoÒ2Û�Ñ3Ï­ÐCÝ Û�Ó$Ö/Ï�Ñ¬é¶ÕXÝXÔ
Ñ3Õ Ò2ØoÙ;Õ¦Ò�ÖíÛ¦Ù�Ñ2Ï¶ï~Ï¶ÑFè¦Ú
ÖCÛ�Ñ2Û¬Ò2Ø·Ñ3Ò2Ï­Ø;ï®Û�é Ñ3Ò�Û¦ÖCÏ�Ñ2Ï¶ÕXÐ Û�é­é¶èÉÒ2Ø·ðòØoÒ2Ô�Ñ2ÕnÑ2ßCØ�ï~Ï¶Ò3Ñ3Ó$Û�éUÜ.Õ®ï¦Ø�=
Ü¬ØoÐAÑnÕ�ð-é­Õ¦Ý_Ö Û®Ñ2Û¼Ñ3Õ_Ô3Ø;Ò2ï¦Ø ÛXÔ�Ï­ÐCæCÓ/ÑnÑ3Õ_Û�ÖCÛ®Ñ�Û¼Ü.Ï¶Ð Ï¶ÐCÝ
Û�æCæCé­Ï©Ù;Û®Ñ2Ï¶ÕXÐnê Ó/ÑyÞ	Ø-Û¦é­Ô3Õ»Ó$Ô�Ø,Ñ2ßCÏ­Ô�Ñ2Ø;Ò2Ü Ñ2Õ¬ØoÐ Ù·ÕXÜ.æ Û¦Ô2Ô	Ñ3ßCØ
ïAÏ­Ò3Ñ3Ó Û¦é	Ü.Õ®ï¦ØoÜ.Ø;ÐAÑ»Õ¦ðyÕ¦Ó/Ñ2æCÓ/Ñ¬ðòÒ3ÕXÜ Ò3ØoÜ¬Õ¦Ñ3Ø8Ö Û®Ñ2Û�Ü.Ï¶Ð Ï¶ÐCÝ
Û�æCæCé­Ï©Ù;Û®Ñ2Ï¶ÕXÐ Ô�ê Û¦Ù�ç{Ñ3Õ{Û�Ð�Õ¦æ�Ø;Ò�Û®Ñ3ÕXÒoÚ]Û�Ð$ÖeÖ Û®Ñ2Û¬æCÒ2Õ/Ù·ØWÔ3Ô3Ï¶Ð Ý
Ò3Ø;ðòØ;Ò�Ô�Ñ3ÕnÑ3ß Ø»Ó Ô3ØSÕ¦ð	ÖCÛ�Ñ2Û�Ü.Ï­ÐCÏ­ÐCÝnÛ¦é¶ÝXÕ¦Ò2Ï�Ñ2ßCÜ�Ô�Ñ3ÕtÖ/Ï©Ô3Ù;Õ®ï¦ØoÒ
Ù·Õ¦Ü.æCÓCÑ3Ø;Ò�Ð Ø·ÑFÞ�Õ¦Ò2ç�Û®Ñ�Ñ�Û¦Ù�ç/Ô�Þ�Ï¶Ñ3ßCÏ­Ðté¶ÕXÝXÔoë

ù�\^] ÖCÛ®Ñ�Û_Ü�Û¦Ð Û�ÝXØ;Ü.Ø;ÐAÑté¶Ï¶Ñ3ØoÒ2Û�Ñ3ÓCÒ2ØsÙoÛ�Ð=ê$Ø¼ÝXÒ3ÕXÓCæ$ØWÖ
Ï¶ÐAÑ3Õ{Ñ2ßCÒ3ØoØ»ÝXØ;ÐCØoÒ2Û¦éfÛ�æCæCÒ2ÕXÛXÙ�ßCØoÔoõSö�÷Wø,Ù·ØoÐAÑ3Ò�Û�é­ÏXAoØoÖiÚÃöLú¦ø>Ö/Ï©Ô�=
Ñ3Ò2Ï¶êCÓCÑ3ØoÖ5Ú	Û�Ð$Ö=öMüXø»ßCÏ­Ø;Ò�Û�Ò�Ù�ßCÏ­ÙoÛ�éLëE[ Ù;Ø;ÐAÑ3Ò�Û�é­ÏXAoØoÖ ù�\ ] ðòÕ�=
Ù·Ó Ô3ØoÔ.ÕXÐ�æCÒ2Õ/Ù·ØWÔ3Ô3Ï¶Ð ÝsÛ¦é¶éyÖCÛ�Ñ2ÛíÛ®Ñ�Ù;Ø;ÐAÑ3Ò�Û�é�Ö/Øoæ$ÕAÔ�Ï¶Ñ3ÕXÒ3èXë [
Ö/Ï©Ô�Ñ3Ò2Ï¶êCÓCÑ3ØoÖ ù�\^] ðòÕ/Ù·Ó$Ô�ØWÔEÕXÐtÑ3ßCØ¬Ô�Ï­ÜSÓCé¶Ñ2Û¦ÐCØ;ÕXÓ Ô
öóæ Û�Ò�Û�é­é¶Øoé©ø
æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝ
Õ¦ð�ÖCÛ®Ñ�Û»Û�Ñ�Ü»ÓCé¶Ñ3Ï­æCé¶Ø>Ò2Ø;Ü.Õ�Ñ2Ø�Ô3Õ¦ÓCÒ�Ù·ØWÔ	Ô3Ó Ù�ß�Ñ2ß Û®Ñ
æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝ Ï©Ô¬é¶Õ~ÕAÔ�Øoé¶è'Ù;Õ¦ÓCæCé­ØoÖ�öóÛ¦Ó/Ñ3ÕXÐCÕ¦Ü.ÕXÓ Ô2ø
Þ�Ï�Ñ2ß:Ü¬Ï­Ð =

� ÿ>!��������£ÿ	�
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��ÿ	�®ÿ	k*����� � �>�	��c�ÿ��|ÿ@�yÿ	��ÿ	���,������� f®ÿ	! ÿ	��!��@�S�����������,c>���#��f��m!���!����,� ÿ	���3ÿ
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���)l�65���,lm���ol2�����,����!�!
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Ï­ÜSÓ Ü ÖCÛ�Ñ2Û¼Ö/Øoæ$ØoÐ Ö/Ø;Ð$Ù·è)( ú¦ü+*Lë [ ßCÏ¶ØoÒ2Û¦Ò2Ù�ß Ï­ÙoÛ�é ù�\ ] Û¦Ý�=
ÝXÒ3ØoÝXÛ�Ñ3ØoÔ�ÖCÛ®Ñ�ÛSÛ®Ñ�ØoÛXÙ�ß�Õ�ð"Ü»ÓCé�Ñ2Ï¶æ é¶Ø�é­Û�èXØ;Ò�ÔÃÏ­Ð�Õ¦ÐCØ>Ö/Ï­Ò3ØWÙ�Ñ3Ï­Õ¦Ð
ðòÒ2Õ¦Ü=Ñ3ß Ø	Ò�Û�ÞsÔ3Õ¦Ó Ò2Ù;Ø�ÖCÛ®Ñ�ÛyÓCæ
Ñ3ÕyÑ2ßCØ�ß~ÓCÜ�Û¦Ð
Õ¦æ�Ø;Ò�Û®Ñ2Õ¦Ò5Þ�Ï¶Ñ3ß
Ü�Û�û~Ï­ÜSÓ Ü ÖCÛ®Ñ�ÛtÖ/Ø;æ�Ø;Ð ÖCØ;Ð Ù;è_ö Ñ2ßCØ�Ï¶Ð æCÓ/Ñ
Õ�ð�ØoÛXÙ�ß é©Û�è¦ØoÒ>Ï©Ô
ÖCÏ¶Ò2ØoÙ·Ñ3é­è7Ö/Øoæ$ØoÐ Ö/ØoÐXÑ{ÓCæ�Õ¦ÐwÕXÓ/Ñ3æCÓCÑnÕ�ð-Ï¶Ñ2Ô{Û¦Ö+,�ÛXÙ·ØoÐXÑné¶Õ®Þ�Ø;Ò
é©Û�è¦ØoÒ�ø·ë

å ØoÐXÑ2Ò2Û¦é¶Ï�A;ØWÖ Û¦æCæCÒ2ÕXÛXÙ�ßCØoÔ�ß Û¦Ô�Ñ2Ò2ÛXÖ/Ï¶Ñ3Ï­Õ¦Ð Û¦é¶é­è×Ò3Øoé¶Ï­ØoÖ
Ó æ$ÕXÐ¬Ù;Ø;ÐAÑ3Ò�Û�é­ÏXAoØoÖ»ÖCÛ®Ñ�Û�ê ÛXÔ�Ø�Ô�è/Ô�Ñ3ØoÜ.ÔUê Ó/ÑfÑ3ßCØ�ÕXÐCé¶èSÒ3Ø*YXÓ Ï¶Ò2Ø�=
Ü.ØoÐXÑfÏ©ÔUðòÕ¦ÒÃÛ¦é¶é~Ñ2ßCØ�ÖCÛ®Ñ�Û�Ñ3Õ-ê�ØyÛ¦Ù;Ù;ØoÔ2Ô�Ï­êCé­Ø�ðòÕXÒfæCÒ2Õ~Ù;ØoÔ2Ô�Ï­ÐCÝ,Û®Ñ
Û»Ô�Ï­ÐCÝXé¶Ø�ïAÏ­Ò3Ñ3Ó Û¦é�é­Õ/Ù;Û�Ñ3Ï­Õ¦Ð H�ÖCÛ®Ñ�Û»ÙoÛ�Ð8Û¦é­Ô3ÕSê�Ø>Ô�Ñ3ÕXÒ3ØWÖ�Ï­ÐnÔ3Ø�=
YAÓCØoÐAÑ3Ï©Û�é/Õ¦ÒÃÔ3æ�ØoÙ·Ï©Û�é­Ï�A;ØoÖ»î é­Ø�ðòÕ¦Ò2Ü�Û®Ñ�ÔUÕ¦Ó/Ñ�Ô�Ï©Ö/Ø�Õ�ð]Û-ÖCÛ®Ñ�Û�ê ÛXÔ�Ø
Ô3è/ÔFÑ2Ø;Ütë

ù Ð�(¶÷
*|Ú�Ñ3ß ØyÖCÛ®Ñ�Û�Ï©ÔfæCÒ2Õ/Ù·ØWÔ3Ô3ØoÖ»Ï¶Ð�Û,Ù·ØoÐAÑ3Ò�Û�é­ÏXAoØoÖSðóÛ¦Ô3ßCÏ¶ÕXÐ5ë
_�ß Ø
Ñ3Ò�Û�Ð$Ô3ÛXÙ�Ñ3Ï­Õ¦ÐtÏ­Ð/ðòÕ¦Ò2Ü�Û®Ñ2Ï¶ÕXÐÉÏ­Ô�Ø·û~Ñ3Ò�Û¦Ù·Ñ3ØWÖ{ðòÒ3ÕXÜ�Ñ2ßCØSÞ�Ø;ê
Ô3Ø;Ò2ï¦ØoÒ2ÔoÚ~Û®ð Ñ3ØoÒ�Þ�ßCÏ©Ù�ßnÏ¶ÑyÏ­Ô�æ$Û¦Ù�ç¦ØWÖ�Ï­ÐAÑ3Õ�Ô�ÕXÜ.ØEðòÕXÒ3Ü�Û®Ñ�Ñ2Õ¬ê�Ø
Ô3Ø;ÐAÑ>Ñ3ÕÉÛ{Ô�Øoæ Û�Ò�Û®Ñ2Ø»ßCÕAÔFÑ>ðòÕ¦Ò>ðòÓCÒ3Ñ3ß Ø;Ò
Û�Ð$Û�é­è~Ô3Ï©Ô;ë _�ß Ø.Ô2Û�Ü.Ø
Ü.Ø;Ñ3ßCÕ/Ö»Ï­ÔUÓ Ô3ØoÖ»Ï­Ð-(¶÷/.
*LÚ�Þ�ß Ø;Ò2Ø�Ò�Û�Þ_Û¦Ó Ö/Ï¶ÑfÖ Û®Ñ2Û>Ï©ÔfÙ·ÕXé¶é­ØoÙ·Ñ3ØoÖ
ê~è�Ô3Ø;Ð Ô3Õ¦Ò�Ô�Û¦Ð Ö8Ô3ßCÏ­æCæ$ØWÖ�Ñ2Õ
Ñ2ßCØ,Ü¬Õ/Ö/Øoé¶Ï­ÐCÝ»Ø;ÐCÝXÏ¶ÐCØXë ù Ð0(¶÷+1/*|Ú
Ù;Õ¦Ò2Ò3Øoé­Û�Ñ3ØWÖ:é¶ÕXÝXÔ�ðòÒ2Õ¦Ü Ô3Ø;æ$Û�Ò�Û®Ñ3Ø�Ô�è/Ô�Ñ3Ø;Ü×Ù;Õ¦Ü.æ$ÕXÐCØ;ÐAÑ�Ô{Û¦Ò3Ø
ðòØWÖ=Ñ3ÕwÛ[ÖCÛ�Ñ2Û�ê$Û¦Ô3ØsÞ�ß Ø;Ò2Ø'ÖCÛ®Ñ�Û�Ü.Ï­ÐCÏ­ÐCÝ[Ñ3ØWÙ�ßCÐCÏ YAÓCØoÔôÛ¦Ò3Ø
Û¦æCæCé­Ï¶ØWÖië2��Õ¦Ñ3ß
Ô3è~Ô�Ñ3ØoÜ�Ô5Ö/ØoÔ2Ù·Ò2Ï­ê$ØWÖ,Ï¶Ð3( ú545*AÛ�Ð$Ö6( úXú7*Xæ�Ø;Ò3ðòÕ¦Ò2Ü
Ù;Ø;ÐAÑ3Ò�Û�é­Ï�A;ØoÖ,ÕXæ$ØoÒ2Û�Ñ3Ï­Õ¦Ð Ô"Õ¦Ð-Ñ2ßCØ�Û�Ó Ö/Ï¶Ñ�é­Õ¦ÝAÔ"Û¦Ý¦Ý¦Ò2Ø;ÝAÛ®Ñ2ØoÖ�ðòÒ3ÕXÜ
ÖCÏ­Ô�Ñ3Ò2Ï¶ê Ó/Ñ3ØWÖ0ÖCÛ�Ñ2Û'Ô3Õ¦ÓCÒ�Ù·ØWÔ;ë [DÙ;Ø;ÐAÑ3Ò�Û�é­Ï�A;ØoÖ0Û�æCæCÒ2ÕXÛXÙ�ß7ðòÕ¦Ò
Ð Ø·ÑFÞ�Õ¦Ò2ç[Ñ3Ò�ÛJW�Ù¼Û�Ð$Û�é­è~Ô3Ï©ÔtÏ­Ô æCÒ3ÕXæ$ÕAÔ�ØWÖ0Ï­Ð8( .
*|Ú
Þ�ßCØ;Ò2Ø'Û�é­é
Ñ2Ò2Û�W�Ù�Ï­Ð/ðòÕXÒ3Ü�Û®Ñ2Ï¶ÕXÐnÏ©Ô�Û�Ò�Ù�ßCÏ­ï¦ØWÖ�Ñ3Õ�Û.Ù;Ø;ÐAÑ3Ò�Û�éißCÕAÔFÑWë

_�ßCØoÒ3Ø{Ï©Ô¬Û�ß~è~êCÒ3Ï©Ö'ï®Û¦Ò3Ï©Û®Ñ2Ï¶ÕXÐ¼Ñ3Õ�Ñ3ßCØÉÙ;Ø;ÐAÑ3Ò�Û�é­ÏXAoØoÖ'Û¦æ =
æ Ò3ÕAÛ¦Ù�ß8Ó$Ô�Ï­ÐCÝ�Û.Ô�Ï­ÐCÝXé¶Ø-é©Û�è¦ØoÒ�Õ¦ðUÛ¦Ý¦ÝXÒ3ØoÝXÛ®Ñ2Ï¶ÕXÐ5ë \ Û�Ñ2Û¬Ï©Ô�æCÒ2Ø�=
æ Ò3Õ/Ù·ØWÔ3Ô3ØoÖ{Ò2Ø;Ü.Õ�Ñ2Ø;é­ènÛ�Ñ�Õ¦Ð Ø
é¶Õ®Þ�Ø;Ò�é©Û�è¦ØoÒyÕ�ðÃÔ3Ø;Ð Ô3Õ¦Ò�Ô�ê�Ø·ðòÕXÒ3Ø
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æ Ò3Õ/Ù·ØWÔ3Ô3Ï­ÐCÝ_Ï©ÔtÖ/Õ¦ÐCØíÛ®ÑÉÖ/Ï©ÔFÑ2Ò3Ï­êCÓ/Ñ2ØoÖ�Ô�ØoÐ Ô3Õ¦Ò�Ô8Ï­Ð0ÐCØ;ÑFÞ	ÕXÒ3ç =
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_�ß Ø
ðòÕ/Ù·Ó Ô�Õ�ðÃß Ï¶ØoÒ2Û¦Ò2Ù�ßCÏ©Ù;Û¦é5Û�æCæ Ò3ÕAÛ¦Ù�ßCØWÔ�Ï­ÔEÑ3ÕnÖ/ØoÙ;Ò3ØWÛ¦Ô3Ø
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Ü�Û¦Ð Û�ÝXØ;Ò�Ô;Ú¦Ù;Ø;Ò3Ñ3Ï¶î$Ù;Û�Ñ3ØyÛ¦Ó/Ñ3ßCÕXÒ3Ï¶ÑFè.Û�Ð Ö�ÙoÛ�æ Û¦êCÏ¶é­Ï¶ÑFèSÜ�Û�Ð Û¦Ý¦ØoÒoë
[EÐ ù�\ Ô�ØoÒ3ï~Ï©Ù·ØÉÏ©ÔnÛ'Ô3Ø;Ð$Ô�ÕXÒoë ] ÕXÜ¬Ø ù�\ Ô3Ø;Ò2ï~Ï­Ù;ØoÔ8Û¦Ð Ö[Û�Ð
ù�\^] Ü�Û�Ð$Û�Ý¦ØoÒ.ðòÕ¦Ò2ÜQÛ¦Ð ù�\ Ù;é¶Ó$ÔFÑ2Ø;ÒWë _�ß Ø ù�\ ] Ü.Û¦Ð Û�ÝXØ;Ò
Ù;Õ¦é­é¶ØWÙ�Ñ�Ô"Ï­Ð/ðòÕ¦Ò2Ü�Û®Ñ2Ï¶ÕXÐ
ðòÒ2Õ¦Ü�Ø;ïXØ;Ò2è ù�\ Ô�ØoÒ3ï~Ï©Ù·Ø�Ï­Ð
Ñ2ßCØ�Ù·é­Ó Ô�Ñ3Ø;ÒWÚ
æ�Ø;Ò3ðòÕ¦Ò2Ü�Ô,ÖCÛ®Ñ�Û{Û¦Ý¦ÝXÒ3ØoÝXÛ®Ñ2Ï¶ÕXÐ5Ú]Û�Ð ÖíÔ3Ø;Ð ÖCÔ,Û¦Ý¦Ý¦Ò2Ø;ÝAÛ®Ñ2ØoÖôÖCÛ�Ñ2Û
Ñ2Õ�Ï�Ñ�Ôyæ Û¦Ò3ØoÐAÑoë#[EÐ ù�\ ] Ü�Û�Ð$Û�Ý¦ØoÒyÙ;Û¦Ð{ê�ØSÛ¦Ð ù�\ Ô�ØoÒ3ï~Ï©Ù·Ø-Õ¦ð
Û¦ÐCÕ�Ñ2ßCØ;Ò ù�\ ] Ü�Û¦Ð Û�ÝXØ;ÒÃÔ3Ó Ù�ß.Ñ3ß Û�Ñ ù�\^] Ü�Û�Ð Û¦Ý¦ØoÒ2Ô�ÑFè~æCÏ©Ù;Û¦é¶é­è
ðòÕXÒ3ÜeÑ2Ò3ØoØ�=|é¶Ï­ç¦Ø{ÔFÑ2Ò3Ó Ù·Ñ3ÓCÒ2ØoÔoëE_�ßCØ{Õ�Ñ2ßCØ;Ò¬ÑFÞ�Õ�Ù·ÕXÜ.æ$ÕXÐCØ;ÐAÑ2ÔoÚ
Ñ2ßCØ	Ù;Ø;Ò3Ñ3Ï¶î$Ù;Û�Ñ3Ø�Û¦Ó/Ñ3ß Õ¦Ò2Ï�ÑFè,Û�Ð Ö-ÙoÛ�æ Û¦êCÏ­é¶Ï¶ÑFè�Ü�Û¦Ð Û�ÝXØ;ÒWÚWÙ;Õ¦ÐAÑ3Ò2Õ¦é
ÛXÙ;Ù;ØoÔ2Ô
Ñ2ÕsÒ2ØoÔ3Õ¦Ó Ò2Ù;ØoÔ»Ï¶Ð�Ñ3ßCØôÔ3è/ÔFÑ2Ø;Ütë (¶÷¦÷
*yÓ Ô�ØWÔ�Û�Ô3Ï­Ü¬Ï­é©Û�Ò
ß Ï¶ØoÒ2Û¦Ò2Ù�ßCÏ©Ù;Û¦é�Û¦Ò2Ù�ß Ï�Ñ2ØoÙ�Ñ2ÓCÒ2Ø�ðòÕXÒyÖCÛ®Ñ�Û¬Ü.Û¦Ð Û�ÝXØ;Ü.Ø;ÐAÑWë

�
	óà � �®�CÍ È~Ì
� � äó�W�¦ã��W�oä Ì â \ Û�Ñ2Û Ü�Û�Ð Û¦Ý¦Ø;Ü.ØoÐXÑ
ÖCØoÙ·Ï©Ô3Ï¶ÕXÐ =LÜ�Û¦çAÏ­ÐCÝ Ö/Øoæ$ØoÐ ÖCÔ�ÕXÐ æCÒ3Õ ,FØoÙ·Ñ�Ò3Ø*YXÓ Ï¶Ò2Ø;Ü.Ø;ÐAÑ�Ô;Ú
Û�ï®Û¦Ï¶é©Û�êCé­Ø7Ò3ØWÔ�ÕXÓCÒ2Ù;ØoÔ:öòØ*YAÓCÏ¶æ Ü¬ØoÐAÑoÚ8Ø;û/æ$ØoÒ�Ñ2Ï­Ô3ØWø·Ú8Û�Ð Ö Ñ2Ï¶Ü.Ø
ðòÒ�Û�Ü.ØXë8ñyÕ®Þ�Ø;ïXØ;ÒWÚiÑ3ßCØoÒ3Ø�Û¦Ò3Ø.ÝXØ;ÐCØoÒ2Û¦éUÑ3Ò�Û¦Ö/ØoÕ�BiÔ-Þ�Ï�Ñ2ßíØoÛ¦Ù�ß
Û¦æCæCÒ2ÕXÛXÙ�ß�Ñ3ß Û�ÑyÞ	Ø-Ö/Ï©Ô2Ù·Ó Ô2Ô�Ï­Ð8Ñ2ßCÏ­ÔEÔ�ØWÙ�Ñ3Ï­Õ¦Ð"ë

[wÙ;Ø;ÐAÑ3Ò�Û�é­Ï�A;ØoÖ.Û¦æCæCÒ2ÕXÛ¦Ù�ß»Ó Ô3Ï¶ÐCÝ»Û-ÖCÛ®Ñ�Û�ê ÛXÔ�Ø�Ñ3Õ»Ô�ÓCæ æ$ÕXÒ�Ñ
Ö Û®Ñ2Û�Ü.Ï¶Ð Ï¶ÐCÝ:ðòÕXÒÉßCØ·Ñ2Ø;Ò2Õ¦ÝXØ;ÐCØoÕ¦Ó Ôné¶ÕXÝXÔ{ß ÛXÔ{Ñ3ßCØWÔ�Ø¼Û¦ÖCï�Û¦Ð =
Ñ�Û�ÝXØoÔoõ

� Ø�B]ØoÙ�Ñ2Ï¶ïXØSÖCÛ�Ñ2Û�Ô3ß Û�Ò2Ï­ÐCÝ õ�Ù·ÕXÜSêCÏ­ÐCÏ­ÐCÝ�é­Õ¦Ý�î é­ØoÔEÞ�Ï�Ñ2ß Ï­Ð =
Ö/Ï¶ï~Ï©Ö/Ó Û¦é¶é­è
Ö/ÏXB�ØoÒ3ØoÐXÑUðòÕXÒ3Ü�Û®Ñ�Ô"Ï­ÐAÑ3Õ-Û>Ù·Õ¦Ü.Ü.Õ¦Ð»ÓCÐCÏ¶ðòÕ¦Ò2Ü
ðòÕ¦Ò2Ü.Û�Ñoë���Ô�ØoÒ2Ô-ÙoÛ�ÐíÛ�é©Ô�ÕÉÛ¦ÙoÙ·ØWÔ3Ô�Ñ3ß Ø�ÖCÛ®Ñ�Û�ê ÛXÔ�Ø.Ø;Ï¶Ñ3ß Ø;Ò
é¶Õ/Ù;Û¦é¶é­è�ÕXÒ�Ò2Ø;Ü.Õ¦Ñ3Ø;é­è¦ë

� Ø�W�Ù·Ï­Ø;ÐAÑ�ÖCÛ�Ñ2ÛwÛXÙ;Ù;ØoÔ2Ô;õ�ÖCÛ®Ñ�Û�ê ÛXÔ�Ø'Ô3è/ÔFÑ2Ø;Ü�ÔÉÓ/Ñ2Ï¶é­ÏXAoØ�Û
ï�Û¦Ò3Ï­Ø·ÑFè�Õ�ð{Ô3Õ¦æ ßCÏ­Ô�Ñ3Ï©Ù;Û�Ñ3ØWÖ�Ñ2ØoÙ�ßCÐ Ï�YAÓCØWÔsÑ3Õ½Ô�Ñ3Õ¦Ò2Ø[Û�Ð Ö
Ò3Ø;Ñ3Ò2Ï¶Øoï¦ØôÖCÛ�Ñ2ÛíØ�W�Ù;Ï¶ØoÐXÑ2é¶èXë ] Ó Ù�ß:Ñ2ØoÙ�ßCÐCÏ YAÓCØoÔ8Ï¶Ð$Ù·é­Ó Ö/Ø
Ï¶Ð ÖCØ·û/Ï¶Ð Ý Ú/Ù·é­Ó Ô�Ñ3Ø;Ò2Ï­ÐCÝ ÚAæ Û�Ò�Û�é­é­Ø;é�æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝ Ú~Û�Ð$ÖnYAÓCØ;Ò2è
Õ¦æ/Ñ2Ï¶Ü.Ï�AoÛ®Ñ2Ï¶ÕXÐ5ë

� ßCÏ¶ÝXß Ò2Ø;é­Ï­Û¦êCÏ­é¶Ï¶ÑFèÉÛ�Ð ÖsÔFÑ�Û�êCÏ­é­Ï�ÑFè]õ�Û�ð Ñ3ØoÒ�èXØoÛ�Ò�Ô�Õ�ð�Ò2Ø·î Ð Ø�=
Ü¬ØoÐAÑoÚ�ÖCÛ®Ñ�Û�ê ÛXÔ�ØÉÔ3è/ÔFÑ2Ø;Ü�Ô.ß Û�ï¦Øtê�ØoÙ;Õ¦Ü.ØÉÒ3ÕXêCÓ Ô�Ñ8Û�Ð Ö
ØoÛ¦Ô3è.Ñ3Õ�Ü�Û¦Ð Û�ÝXØ

� Ï¶Ü.æCÒ2Õ®ï~Ï¶ÐCÝ�Ô2Ù;Û¦é­Û¦êCÏ¶é­Ï¶ÑFè�õÃÖ Û®Ñ2Û¦ê Û¦Ô3Ø,Ô�è/Ô�Ñ3Ø;Ü�Ô�ß$Û�ï¦Ø,ê$ØoØ;Ð
Ó Ô�ØWÖ�Ï­Ð8Ü�Û�Ð~è.ÖCÛ®Ñ�Û
Ï­ÐXÑ2Ø;Ð Ô3Ï­ï¦Ø�Û¦æCæCé­Ï­ÙoÛ®Ñ2Ï¶ÕXÐ Ô;ë$[=Ò3ØWÙ·Ø;ÐAÑ
Ò3ØWÔ�ØWÛ�Ò�Ù�ß7Û¦Ò�Ñ2Ï­Ù;é¶Øôß$Û¦ÔnÒ3Øoæ$ÕXÒ�Ñ2ØoÖ[Û �1_ ��ÖCÛ�Ñ2Û¦ê Û¦Ô3Øôê~è
C Ò2ÛXÙ·é­Ø (¶÷S;
*

[½ÖCÏ­Ô�Ñ3Ò2Ï¶ê Ó/Ñ3ØWÖ{Û¦æCæCÒ2ÕXÛXÙ�ß8Ñ2Õ�Ô�ÓCæ æ$ÕXÒ�ÑEÖCÛ�Ñ2Û.Ü.Ï­ÐCÏ¶Ð Ý.ðòÕ¦Ò
ß Ø·Ñ3ØoÒ3ÕXÝ¦ØoÐCØ;ÕXÓ Ô�é­Õ¦ÝAÔ�ß Û¦Ô�Ñ2ßCØoÔ3Ø
Û¦ÖCï�Û¦ÐAÑ2Û�ÝXØoÔoõ

� æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝ½Û®Ñ:Û½é­Ø;ïXØ;étÙ·é­ÕXÔ3ØoÔ�Ñ'Ñ3Õ�Ñ3ßCØ�Ò2Û�Þ×Ô3Õ¦ÓCÒ�Ù·Ø
ÖCÛ®Ñ�ÛíÞ�ßCÏ­Ù�ß7ðóÛXÙ·Ï­é¶Ï¶Ñ2Û�Ñ3ØoÔ8Ô�æ�ØoÙ;Ï­Û¦é¶Ï�A;ØWÖ7Û¦é¶ÝXÕ¦Ò2Ï�Ñ2ßCÜ�Ô�Û®Ñ8Û
Ö/ØoÔ3Ï¶Ò�Û�ê é¶Ø>é¶Øoï¦Øoé­Ô�Õ¦ð�Ò2ØoÔ3Õ¦é­Ó/Ñ3Ï­Õ¦Ð

� Ô�ÓCæ�Ø;Ò2Ï­Õ¦Ò�ðóÛ�ÓCé¶Ñ�Ñ3ÕXé¶ØoÒ2Û¦Ð Ù·Ø

� Ö/Ò2Û¦Ü�Û®Ñ3Ï©Ù;Û¦é¶é­è Ò2ØoÖ/Ó$Ù·ØoÖ�æCÒ2Õ/Ù·ØWÔ3Ô3Ï¶Ð Ý)öóæ$ØoÒwÏ­Ð Ö/Ï­ïAÏ©Ö/Ó Û¦é
Ü.ÛXÙ�ßCÏ­ÐCØWø Û¦Ð Ö Ð Ø·ÑFÞ�Õ¦Ò2ç Ù·ÕXÜ¬Ü»ÓCÐCÏ©Ù;Û�Ñ3Ï­Õ¦ÐQÒ3Ø*YXÓ Ï¶Ò2Ø�=
Ü¬ØoÐAÑ2Ô-öòÐ Õ�Ù·Õ¦Ð$Ù·Ø;ÐAÑ2Ò2Û�Ñ3ØoÖnÙ·ÕXÐCÝ¦ØWÔFÑ2Ï¶ÕXÐnæ�Õ¦Ï­ÐAÑ�ø



� Ô3ÙoÛ�é©Û�êCÏ­é­Ï�ÑFè:Ñ2Õ7ØWÛ¦Ô3Ï¶é­è[Ü.Õ¦ÐCÏ¶Ñ3ÕXÒtÐCØ;ÞDé¶ÕXÝXÔ{ê~è0Û¦ÖCÖCÏ¶ÐCÝ
Ù·ÕXÒ3Ò2ØoÔ3æ$ÕXÐ Ö/Ï­ÐCÝ¬ÐCØ;Þ�Û�Ý¦ØoÐAÑ2Ô

[ ß Ï¶ØoÒ2Û¦Ò2Ù�ßCÏ©Ù;Û¦é»Û¦æCæCÒ2ÕXÛ¦Ù�ß½Ñ3Õ�Ô�Ó æCæ$ÕXÒ�Ñ¼ÖCÛ�Ñ2Û=Ü¬Ï­ÐCÏ­ÐCÝ�ðòÕ¦Ò
ßCØ·Ñ2Ø;Ò2Õ¦Ý¦ØoÐCØ;ÕXÓ Ô�é¶ÕXÝXÔ�ß ÛXÔ�Ñ3ßCØWÔ�Ø
ÛXÖ/ï®Û�ÐAÑ2Û¦Ý¦ØoÔoõ

��� Ø·û/Ï­êCÏ­é¶Ï¶ÑFèÉÏ¶Ð�ê$Õ¦Ñ3ß�ÐAÓ ÜSê�Ø;Ò,Õ�ðÃé­Ø;ïXØ;é©Ô>Û¦Ð ÖÉæCÒ2Õ/Ù·ØWÔ3Ô3Ï¶Ð Ý
Û®Ñ�ØoÛXÙ�ßné­Ø;ïXØ;é

� Ù·ØoÐXÑ2Ò2Û¦é¶Ï�A;ØWÖíÜ�Û�Ð Û¦Ý¦Ø;Ü.ØoÐXÑ»Õ�ðEÖ/ÏXB�ØoÒ3ØoÐAÑ»é©Û�è¦Ø;Ò�Ô
Ö/Ó Ø�Ñ3Õ
ÖCÛ®Ñ�Û.Ö/Ø;æ�Ø;Ð ÖCØ;Ð Ù;è

� Ò3ØWÖ/Ó Ù;ØoÖ'Ò2Ø�YAÓCÏ­Ò2Ø;Ü.Ø;ÐAÑ2Ô»ðòÕXÒ.Ù;Õ¦Ü»êCÏ¶Ð Ï¶ÐCÝíÖ/ÏXB�ØoÒ3ØoÐAÑ.Ò�Û�Þ
ÖCÛ®Ñ�Û
ðòÕXÒ3Ü�Û�Ñ2ÔoÚCÙ;Û�Ðnê$Ø-Ù;Õ¦ÜSê Ï¶ÐCØWÖ8ÝXÒ2ÛXÖ/Ó Û¦é¶é­è.êAè8é­Û�èXØ;Ò�Ô

� é­Û¦Ò3ÝXØyÙ·ØoÐXÑ2Ò2Û¦é¶Ï�A;ØWÖ.Ü�Û¦Ô2Ô�Ô�Ñ3Õ¦Ò�Û�ÝXØ�Ò3Ø*YAÓCÏ¶Ò2Ø;Ü.ØoÐXÑ�Ô�Ô3ßCÏ¶ð Ñ3ØoÖ
Ñ3Õ Ò2ØoÖ/Ó$Ù·ØoÖ�Û�Ð$Ö�Ü�Û¦Ð Û�ÝXØoÛ�ê é¶Ø�Ö/Ï©ÔFÑ2Ò3Ï­êCÓ/Ñ2ØoÖ Ô�Ñ3Õ¦Ò�Û�ÝXØ
Ò3Ø*YAÓCÏ¶Ò2Ø;Ü.ØoÐXÑ�Ô�Û®ÑyØoÛXÙ�ßné©Û�è¦ØoÒ

� Ô3ÙoÛ�é©Û�êCÏ­é­Ï�ÑFèôÞ�Ï¶Ñ3ß¼Ï­Ð Ù;Ò3ØWÛ¦Ô3ØoÖ�æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝÉÛ®ÑSÏ­Ð Ö/Ï­ï~Ï­ÖCÓ Û�é
é­Û�èXØ;Ò�Ô	Û¦Ð Ö.F®Õ¦Ò�Ï¶Ð$Ù·Ò2ØoÛ¦Ô3Ï­ÐCÝ¬Ñ3ßCØ-Ð~ÓCÜ»ê$ØoÒ�Õ�ð�é­Ø;ïXØ;é©Ô

_�Û�ê é¶Ø ÷½Ù;Õ¦Ü.æ Û¦Ò3ØWÔ7Ñ3ßCØ½æ Ò3Ï­Ü�Û�Ò2è Ò3ØWÔ�ÕXÓCÒ�Ù·ØoÔ7ÐCØWÙ·ØWÔ�=
Ô3Û¦Ò3è�Ñ3Õ7Ï¶Ü.æCé­Ø;Ü.ØoÐXÑtÑ2ßCØsÖCÏZB]Ø;Ò2Ø;ÐAÑÉÛ�æCæCÒ2ÕXÛXÙ�ßCØoÔoõíæCÒ2Õ~Ù;ØoÔ2Ô�=
Ï¶ÐCÝ-æ�Õ®Þ�Ø;ÒUÏ¶Ð�Ù;è/Ù·é­ØoÔ�ðòÕ¦ÒfØ;û/ØoÙ·ÓCÑ3Ï­ÐCÝ
Ù·ÕXÜ¬æ é¶Ø;û»Û�é­Ý¦ÕXÒ3Ï¶Ñ3ßCÜ�ÔUÕXÐ
é­Û¦Ò3ÝXØ	ÖCÛ�Ñ2Û,Ô�Ø;Ñ2ÔoÚ�ÐCØ;ÑFÞ	ÕXÒ3ç-Ù;Û¦æ Û¦Ù;Ï�ÑFè-Ï­Ð¬ê Û�Ð ÖCÞ�Ï­Ö~Ñ2ß¬ðòÕ¦ÒUÐCØoÛ¦Ò,=
Ò3ØWÛ�éX=MÑ2Ï¶Ü.Ø�ÖCÛ®Ñ�Û,Ò3Ø;Ñ3Ò2Ï¶Øoï®Û�éLÚXÛ�Ð$Ö»é©Û�Ò2Ý¦Ø�Ü�Û¦Ô2ÔfÔ�Ñ3Õ¦Ò�Û�ÝXØ�Ù;Û�æ$Û�êCÏ­éZ=
Ï�ÑFè.ðòÕXÒpYAÓCØoÓCÏ­ÐCÝ¬Ô3Õ¦Ó Ò2Ù;ØEÖCÛ®Ñ�ÛSê�Ø·ðòÕXÒ3Ø.öóÖ Û®Ñ2Û¬Ù·ÕXé¶é­ØoÙ·Ñ3Ï­Õ¦Ð$ø	Û�Ð$Ö
Û®ð Ñ3ØoÒ"Ï¶Ñ�Ï©Ô"æ Ò3Õ/Ù·ØWÔ3Ô3ØoÖ5ë2_�ßCØ;Ò2ØÃÏ©Ô5ÕXÐCØ�Ù·é­ØoÛ¦Ò5Ñ2Ò2ÛXÖ/Ø;Õ1B�õ]Ñ2ßCØ	Ù;Ø;Ð =
Ñ3Ò�Û�é­ÏXAoØoÖ¼Û�æ æCÒ3ÕAÛ¦Ù�ßíÒ2Ø�YAÓCÏ­Ò3ØWÔ-Ñ3ß Ø8Ü.ÕXÔ�Ñ»Ò2ØoÔ3Õ¦ÓCÒ�Ù·ØWÔ
Û�Ð$ÖsÑ3ßCØ
Ö/Ï­Ô�Ñ3Ò2Ï­êCÓ/Ñ3ØWÖ_Û¦æCæCÒ2ÕXÛ¦Ù�ß¼Ò2Ø�YAÓCÏ­Ò2ØoÔSÑ3ßCØté­ØoÛ¦Ô�Ñ»Ò2ØoÔ3Õ¦Ó Ò2Ù;ØoÔ
Þ�Ï¶Ñ3ß
Ñ3ßCØ-ßCÏ­Ø;Ò�Û�Ò�Ù�ßCÏ©Ù;Û¦é�Û¦æCæCÒ2ÕXÛ¦Ù�ß ØoÔ�Ï¶Ðtê�Ø·ÑFÞ�Ø;ØoÐ5ë

_�Û�ê é¶Ø�únÔ�ÓCÜ.Ü�Û�Ò2Ï�A;ØoÔ>Ô3Ø;é­ØoÙ�Ñ2ØoÖsÔ�ØWÙ·ÕXÐ ÖCÛ�Ò2èÉÙ·Ò2Ï�Ñ2Ø;Ò2Ï­Û�ðòÕ¦Ò
Ù·Õ¦Ü.æ Û¦Ò3Ï©Ô3Õ¦Ð-Û¦Ô2Ô�Ó Ü¬Ï­ÐCÝyØWÛ¦Ù�ßSÛ¦æCæCÒ2ÕXÛXÙ�ß>Ï©Ô"ðòØoÛ¦Ô3Ï­êCé¶Ø	Ý¦Ï­ï¦ØoÐ,Ñ3ßCØ
ÐCØoÙ;ØoÔ2Ô3Û¦Ò3è�Ò2ØoÔ3Õ¦ÓCÒ�Ù·ØWÔ;ë _�ß Ø;Ò2Ø
Û�Ò2Ø�ðòÕXÓCÒEÙ;é¶ØWÛ�Ò�Ñ3Ò�Û¦ÖCØ;Õ�BiÔoõUÑ3ßCØ
Ù·Ø;ÐAÑ2Ò2Û¦é¶Ï�A;ØWÖ Û�æ æCÒ3ÕAÛ¦Ù�ßÉß ÛXÔ-ÛnÔ3Ï­ÐCÝ¦é­Ø�=|æ$ÕXÏ¶ÐAÑ)=LÕ¦ð5=MðóÛ¦Ï¶é­ÓCÒ2ØSÞ�ßCÏ­é¶Ø
Ñ3ßCØ>Ö/Ï­Ô�Ñ3Ò2Ï­êCÓ/Ñ3ØWÖ�Û�æ æCÒ3ÕAÛ¦Ù�ß�Ù;Û¦Ð.Ñ3ÕXé¶ØoÒ2Û¦ÐXÑ�Ô�ØoÐ Ô�ÕXÒ�F�Û�ÝXØ;ÐAÑUðóÛ�Ï­éZ=
ÓCÒ3ØWÔ
Þ�Ï¶Ñ3ß'Ü.Ï­ÐCÏ­Ü.Û¦é�Ö/Ï­Ô3Ò2ÓCæ/Ñ3Ï­Õ¦Ð"ÚUÛ ÓCÐCÏ¶ðòÕ¦Ò2ÜeÛ¦Ð Ö'Ù;Õ¦Ü.æCé­Ø·û
ÖCÛ®Ñ�Û:ðòÕ¦Ò2Ü�Û®Ñ�Ï©Ô�ÐCØoÙ;ØoÔ2Ô3Û¦Ò3è0ðòÕ¦ÒíÔ3Ù�ßCØoÜ.ØoÔôÞ�Ï¶Ñ3ß Ò3Øoé­Û�Ñ3Ï­ï¦Øoé¶è
Ù·Õ¦Ð$Ù·Ø;ÐAÑ2Ò2Û�Ñ3ØoÖíæ Ò3Õ/Ù·ØWÔ3Ô3Ï­ÐCÝ Ú`YAÓCØ;Ò2è � Ø·û/Ï­êCÏ­é¶Ï¶ÑFè¼Ï­Ô»ßCÏ­Ý¦ßCØWÔFÑ¬Ï¶Ð
Ù·Ø;ÐAÑ2Ò2Û¦é¶Ï�A;ØWÖnÔ2Ù�ßCØ;Ü.ØWÔ�Û�Ð Ö{é­Õ®Þ0Ï­ÐtÖCÏ­Ô�Ñ3Ò2Ï¶ê Ó/Ñ3ØWÖ.F�ßCÏ­Ø;Ò�Û�Ò�Ù�ßCÏ©Ù;Û¦é
Ô3Ù�ßCØoÜ.ØoÔoÚ¦Û�Ð Ö¬Ï­Ð¬Ñ3Ø;Ò2Ü�ÔfÕ�ð]æCÒ2Ï¶ï®ÛXÙ·èSÙ;Ø;ÐAÑ3Ò�Û�é­ÏXAoØoÖ¬Û�æCæ Ò3ÕAÛ¦Ù�ßCØWÔ
Ò3ØoæCÒ3ØWÔ�ØoÐAÑwßCÏ¶ÝXßCØ;Ò=Ò3Ï©Ô3ç�Û¦Ô=Û Ù·ÕXÐ Ù·ØoÐAÑ3Ò�Û®Ñ3ØWÖ�Ñ2Û�Ò2Ý¦Ø;Ñ=Û�Ð$Ö
é­Û¦Ò3ÝXØ;Ò'Ù·ÕXÜ.æCÒ3ÕXÜ.Ï­Ô3Ø[Ï¶Ü.æ ÛXÙ�Ñ7Þ�ßCÏ¶é­ØwÑ2ßCØ0Ö/Ï©Ô�Ñ3Ò2Ï¶êCÓCÑ3ØoÖ Û�æ =
æCÒ3ÕAÛ¦Ù�ßôæ Ò3ØWÔ�ØoÐXÑ�ÔEÜ»ÓCé¶Ñ3Ï­æCé¶Ø.é­Õ®Þ	ØoÒ�ï®Û¦é¶ÓCØ»Ñ2Û¦Ò3ÝXØ·Ñ�Ô�Þ�Ï¶Ñ3ßsØoÛXÙ�ß
ß Û�ï~Ï¶ÐCÝ¬é­Õ®Þ	ØoÒ�Ù;Õ¦Ü.æCÒ2Õ¦Ü.Ï©Ô�Ø,Ï­Ü¬æ$Û¦Ù�Ñ�Ô;ë

� � È � È � Ì��$È â ÈAÌ ã���� Ì	��
 ã�� È ��� È � ËSÌ �
� �nã�Í�äò�
� Ì	� �

[ Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò-ÐCØ;ÑFÞ	ÕXÒ3çôÙ;Õ¦ÐAÑ2Û¦Ï¶Ð$Ô>Û{ï®Û�Ò2Ï­Ø·ÑFèÉÕ�ð�Ö/ÏXB�ØoÒ3ØoÐXÑ
Ï­Ð =
ðòÒ2ÛXÔFÑ2Ò3Ó Ù·Ñ3ÓCÒ2Ø�Ö/Ø;ï~Ï©Ù·ØWÔfØoÛXÙ�ß¬Õ¦ð�Þ�ß Ï­Ù�ß�Ü�Û�èSê�ØyÏ­Ð Ô�Ñ3Ò2ÓCÜ.Ø;ÐAÑ3ØWÖ
Ñ3Õ'æCÒ2Õ/Ö/Ó Ù;Ø�Û�Ó$Ö/Ï�Ñné¶ÕXÝXÔoëa_�ßCÕ¦Ó Ý¦ß[Ï¶ÑnÏ©Ô�æ�ÕXÔ2Ô�Ï­êCé­ØôÑ3Õ_æ$ØoÒ,=
ðòÕ¦Ò2ÜQÔ3Ï¶Ü.æCé­Ï©ÔFÑ2Ï­ÙôÔ3Ï­Ý¦Ð Û�Ñ3ÓCÒ2ØôÜ�Û®Ñ�Ù�ßCÏ¶Ð Ý¼Õ¦ÐwÔ�Ñ3Ò2ØoÛ�Ü.Ï­ÐCÝ'ÐCØ;Ñ,=
Þ	ÕXÒ3ç»Ñ3Ò�ÛJW�Ù�Ï¶ÐnÒ3ØWÛ�é$Ñ3Ï­Ü¬ØXÚ~Ï�Ñ�Ï©Ô�Ï­Ü.æ$ÕAÔ3Ô3Ï¶ê é¶Ø�Ñ3Õ.Û�Ð Û¦é¶èGAoØ�Ñ3ßCÏ©Ô
ÖCÛ®Ñ�ÛnÏ­ÐsÒ3ØWÛ�éX=MÑ2Ï¶Ü.Ø¦Ú"Ï¶Ð¼Ûnæ$ØoÒ3Ï­Õ/Ö�Õ¦ð	Ü.Ï­ÐAÓCÑ3ØoÔ-Ñ3ßCØ�ÖCÛ�Ñ2ÛtÔ�Ï�A;Ø

ê�ØoÙ;Õ¦Ü.ØoÔUÓ ÐCÜ�Û�Ð Û¦Ý¦ØoÛ¦êCé­Ø¦ë�[�Ô�Û>Ò2ØoÔ3ÓCé�ÑÃÜ.ÕAÔFÑÃÐCØ;ÑFÞ	ÕXÒ3ç»Û�Ð Û¦éZ=
è/Ô3Ï­ÔÃÑ3Õ~Õ¦é©ÔÃé­Õ¦Ý
Ñ3ßCØ>ÖCÛ®Ñ�Û,ðòÕ¦Ò	Õ���Ï¶Ð Ø�Û�Ð$Û�é­è~Ô3Ï©Ô;ë@[yé¶Ñ3ßCÕXÓCÝ¦ß�Ñ2ßCØ
Ñ2Õ¦æCÏ©Ù»Õ�ð�Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò-ÐCØ;ÑFÞ	ÕXÒ3çÉÛ¦Ó Ö/Ï¶Ñ,é­Õ¦ÝAÔ>Ï­Ô>êCÒ2ÕXÛXÖiÚ5ÛnÑ3Õ¦æ Ï­Ù
ÕXÐAÑ3Õ
Ï¶Ñ2Ô�Õ®Þ�Ð5ÚAÞ	ØEðòØ;Øoé�ÛSêCÒ3Ï­Ø·ð5Ï­ÐAÑ3Ò2Õ/Ö/Ó Ù�Ñ2Ï¶ÕXÐ�Ñ3Õ¬Ô�ÕXÜ.ØEÕ�ðiÑ2ßCØ
ÖCÏZB]Ø;Ò2Ø;ÐAÑ�ÑFèAæ�ØoÔ�Õ¦ð é¶ÕXÝXÔ�Ï­Ô�Ï­Ü.æ$ÕXÒ�Ñ�Û�ÐAÑ�Ï­Ð»ÕXÒ2ÖCØ;Ò5Ñ2Õ�ê�Ø·Ñ3Ñ3ØoÒfÓCÐ =
ÖCØ;Ò�ÔFÑ�Û�Ð Ö>Ñ2ßCØ�Ö Û®Ñ2ÛEÜ�Û�Ð Û¦Ý¦Ø;Ü.ØoÐXÑ�Ï­Ô2Ô�Ó ØoÔ�Ô�ÓCÒ2Ò2Õ¦ÓCÐ ÖCÏ¶ÐCÝEÓ Ô�Ï­ÐCÝ
Ñ2ßCØoÔ3Ø,é¶ÕXÝXÔ�ðòÕXÒ ù�\ ] ÔyÕ¦ÒyÖCÛ�Ñ2Û¬Ü.Ï¶ÐCÏ­ÐCÝ$ë

KsØ8ß Û�ïXØ.Ü.ÛXÖ/Ø8ÛÉæ�Õ¦Ï­ÐAÑSØ;Ü.æCß$Û¦Ô3ÏXAoÏ¶ÐCÝ�ÖCÛ®Ñ�ÛtÜ.Û¦Ð Û�ÝXØ�=
Ü.ØoÐXÑ�ðòÕ¦Ò�� �
> ��T�RGF��
= �	R�� �JÛ�Ó ÖCÏ�Ñ>é¶ÕXÝXÔoë _�ßCØSðóÛ¦Ù�Ñ>Ñ3ß$Û®ÑEÑ2ßCØ
Û¦Ó Ö/Ï¶Ñ é­Õ¦ÝXÔ�Û�Ò2Ø'Ö/ÏXB�ØoÒ3ØoÐXÑsÏ­Ô�Ô�Ï­Ý¦Ð Ï�î$ÙoÛ�ÐAÑ ê�ØoÙoÛ�Ó Ô3Ø'Ï¶Ñ�æCÒ2Õ�=
Ü.Õ¦Ñ3ØoÔ8ÜSÓCé¶Ñ3Ï­æCé­Ø ï~Ï­Ø;ÞyÔ�ðòÕXÒnÛ�Ñ�Ñ2ÛXÙ�ç�Ö/Ï©Ô2Ù·Õ®ï¦ØoÒ3èXÚ�Ò3ÕXêCÓ Ô�Ñ3ÐCØWÔ3Ô
Û¦ÝXÛ¦Ï¶Ð Ô�Ñ
Û®Ñ3Ñ2Û¦Ù�ç]Ú�Ï¶ÐAÑ3ØoÒ3ÕXæ$ØoÒ2Û¦êCÏ­é¶Ï¶ÑFè¦Ú�Ø·û~Ñ3ØoÐ Ô�Ï­êCÏ­é¶Ï¶ÑFè¦ÚfÛ¦Ð Ö � Ø·ûG=
Ï­êCÏ­é¶Ï¶ÑFè¦ë�ñyÕ®Þ�Ø;ï¦ØoÒoÚ�ßCØ·Ñ2Ø;Ò2Õ¦ÝXØ;ÐCØoÏ�ÑFè[Û�é©Ô3Õ_Ø;é­Ï­Ü¬Ï­Ð Û�Ñ3ØoÔ{æ�ÕXÔ2Ô�ÏX=
ê é¶Ø.ÖCÛ®Ñ�Û8Ü�Û¦Ð Û�ÝXØ;Ü.Ø;ÐAÑ,Ø�W�Ù·Ï­Ø;Ð Ù;Ï¶ØWÔ�Ñ3ß Û�Ñ,Ü�Û�èÉê�Ø.æ$ÕAÔ3Ô3Ï¶ê é¶Ø
ðòÒ2Õ¦Ü ÓCÐ Ï�ðòÕXÒ3Ü×Ò2ØoÙ;Õ¦Ò�Ö:ðòÕ¦Ò2Ü�Û®Ñ2ÔoÚyÓCÐ Ï�ðòÕXÒ3Ü Ù;Õ¦Ð/î ÝXÓCÒ�Û®Ñ3Ï­Õ¦Ð$Ô;Ú
Û¦Ð ÖnÓCÐCÏ¶ðòÕ¦Ò2Ü�Ù·ÕXÐAÑ3Ò2Õ¦éLë

ù Ñ:Ï­Ô7Ï­Ü.æ$ÕXÒ�Ñ�Û�ÐAÑ_Ñ2Õ ÐCÕ¦Ñ3Ø=Ñ3ß Û�Ñ:Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò7ÐCØ·ÑFÞ�Õ¦Ò2ç
Ô3Ø;Ð$Ô�ÕXÒ2ÔfÝXØ;ÐCØoÒ2Û�Ñ3ØEÔ�Ñ3Ò2ØoÛ¦Ü.Ï¶ÐCÝ»ÖCÛ®Ñ�ÛSÛ�Ð$Ö.ÐCÕ�Ñ�ê Û®Ñ�Ù�ß�é¶ÕXÝ
î é­ØoÔoë
ñEÕ®Þ	Øoï¦ØoÒoÚ,æCÒ2Õ/Ù·ØoÔ2Ô3Ï¶ÐCÝwÔ�Ñ3Ò2ØoÛ¦Ü.Ï¶ÐCÝ=ÖCÛ®Ñ�Û:ðòÕ¦ÒsÖCÛ®Ñ�Û:Ü¬Ï­ÐCÏ­ÐCÝ
Ï©ÔSÛ¦Ð'Õ¦æ�Ø;Ð_Ò3ØWÔ�ØWÛ�Ò�Ù�ß YAÓCØWÔFÑ2Ï¶ÕXÐ¼ê$Øoè¦ÕXÐ ÖíÑ3ß ØnÔ2Ù·Õ¦æ�Ø�Õ¦ð�Ñ3ßCÏ©Ô
æ$Û�æ�Ø;Ò.öóÛ�é¶Ñ3ß Õ¦ÓCÝXßôêCÒ2Ï¶Ø � èÉÜ.Ø;ÐAÑ3Ï­Õ¦ÐCØWÖôÏ­Ð ] ØWÙ�Ñ2Ï¶ÕXÐ ; ë üXø·ë KsØ
Ù;Ò3ØWÛ®Ñ2Ø
ê Û®Ñ�Ù�ßôé­Õ¦Ý�î é­ØoÔ�ê~èÉÙ·Õ¦é­é­ØoÙ�Ñ2Ï¶Ð ÝnÔ�Ñ3Ò2ØoÛ�Ü.Ï­ÐCÝ8ÖCÛ�Ñ2Û�Õ®ïXØ;Ò
ÖCØ·î ÐCØWÖnÑ3Ï­Ü¬Ø-æ�Ø;Ò2Ï­Õ~Ö Ô;ë

C ÐCØnÕ�ðyÑ2ßCØ{Ü¬ÕAÔFÑ.Ù·ÕXÜ¬Ü.ÕXÐ'Þ�Û�è/ÔSÕ�ðEÙ·ÕXé¶é­ØoÙ·Ñ3Ï­ÐCÝ�Ù;Õ¦ÜU=
æ Ó/Ñ3ØoÒ8ÐCØ;ÑFÞ	ÕXÒ3ç:ÖCÛ®Ñ�Û¼Ï­ÐXÑ2Õ'é­Õ¦ÝXÔ8Ï­Ô8Ñ3ß Ø Ó Ô3ØôÕ�ð-Ñ2ßCØ �o� 
��
Í�ã ��
 ÓCÑ3Ï­é¶Ï¶ÑFè¦ë _�ßCÏ©ÔíÓ/Ñ3Ï­é­Ï�ÑFè Ù;Û�æCÑ3ÓCÒ2ØoÔsæ ÛXÙ�ç¦Ø·ÑíßCØWÛ¦Ö/ØoÒ2Ô
æ$Û¦Ô2Ô�Ï­ÐCÝ»Ñ3ßCÒ2Õ¦ÓCÝXß{Û»ÐCØ;ÑFÞ	ÕXÒ3ç�Ï­ÐAÑ3Ø;Ò3ðóÛ¦Ù;Ø-Ô�Ø;Ñ�Ï­ÐtæCÒ2Õ¦Ü.Ï­Ô2Ù·Ó Õ¦Ó Ô
Ü.Õ/Ö/ØyÛ¦Ð Ö�Ö/Ï©Ô�æCé©Û�è/ÔUêCÏ­Ð Û�Ò2è
Ñ2Ò2Û�W�Ù�Ï­Ð�Û,Ð~ÓCÜSê�Ø;Ò	Õ�ð]ßAÓ Ü.Û¦Ð =
Ò2ØoÛXÖCÛ�ê é¶Ø�ðòÕ¦Ò2Ü�Û®Ñ2Ôoë �

K[ßCÏ­é­ØI_ å ì	Ö/ÓCÜ.æ
Ï©Ô"Ûyï®Û¦é¶Ó Û¦êCé­ØfÑ3Õ~Õ¦éLÚ®Ï¶Ñ"ðòÕ/Ù·Ó Ô3ØoÔ�Õ¦Ð,Ñ2ßCØ
_ å ìpF ù ì�Ô�ÓCÏ¶Ñ3Ø,Õ¦ð"æCÒ2Õ�Ñ3Õ/Ù;Õ¦é©Ô;ë`_�ßCØoÒ3Ø,Û�Ò2Ø�Û¬é©Û�Ò2Ý¦ØEï®Û¦Ò3Ï­Ø·ÑFè�Õ¦ð
Õ¦Ñ3ßCØoÒ	ÓCÑ3Ï­é¶Ï¶Ñ3Ï­ØoÔ	ðòÕ¦Ò��3Ô3ÐCÏXW�ÐCÝ��SÒ2Û�Þ[æ ÛXÙ�ç¦Ø;Ñ2ÔÃÕ¦ð�Û�Ð~è.æCÒ2Õ�Ñ2Õ~Ù;Õ¦é
ðòÒ2Õ¦Ü Ü¬ÕXÐCÏ¶Ñ3Õ¦Òíæ�Õ¦Ï­ÐAÑ2ÔíÕ¦Ð Û�ÐCØ·ÑFÞ�Õ¦Ò2ç]ë ��Ø;ðòØ;Ò2Ò3ØWÖ½Ñ2Õ�Û¦Ô
�2� â ä �	È �®�
�CÚEÑ3ßCØ'Ü.ÕAÔFÑôØSB�ØWÙ�Ñ3Ï­ï¦Ø¼æ Ò3ÕXÝ¦Ò�Û�Ü�ÔtÛ�Ò2Ø � Ñ3ßCØoÒ3ØWÛ�é
Û¦Ð Ö»Ñ3ßCØ ] ÐCÏXB�ØoÒÃðòÒ2Õ¦Ü � Ø·ÑFÞ�Õ¦Ò2çq[�Ô3Ô3Õ/Ù·Ï©Û®Ñ2ØoÔÃÛ¦é�Ñ2ßCÕ¦ÓCÝXß¬Ñ3ßCØoÒ3Ø
Û¦Ò3Ø¼Ü�Û¦ÐAè=Õ�Ñ2ßCØ;Ò�Ô;ë � [EÔôÐ Ø·ÑFÞ�Õ¦Ò2ç~ÔôÏ¶Ð Ù;Ò3ØWÛ¦Ô3Ï¶Ð Ý¦é­èwØ;Ü.æCé­Õ®è
�2Ô�Þ�Ï¶Ñ2Ù�ß	��Ñ2ØoÙ�ßCÐ Õ¦é­Õ¦Ý¦èXÚ Ô3ÐCÏZB]Ø;Ò�Ô:Ñ2ß Û®ÑwÒ2Ø;é­è ÕXÐ)Û Ô3ß Û¦Ò3ØWÖ
Ü.ØWÖ/Ï¶Ó Ü Ð Ø·ÑFÞ�Õ¦Ò2çDö � Ñ3ßCØoÒ3Ð Ø·Ñ�ø=Û�Ò2Ø�ê�Ø;Ï­ÐCÝ Ü.Õ®ï¦ØWÖ�ðòÒ3ÕXÜ
ØoÐ Ö�Ô�è/Ô�Ñ3Ø;Ü�Ô{Ñ2Õ:Ô3Ø;Ò2ï¦ØoÒ2Ô{Û�Ð$Ö0Ò2Õ¦Ó/Ñ2Ø;Ò�Ô;ë ] ÐCÏXB]Ø;ÒÉé­Õ¦ÝXÔÉÛ¦Ò3Ø
Ó ÐCÏ�YAÓCØoé¶è�ï®Û�é­Ó Û�êCé­ØÉÏ­ÐwÖ/Ï­Ô2Ù·ØoÒ3Ð Ï¶ÐCÝíé­Õ®Þp=Lé­Ø;ïXØ;éyÛ�Ñ�Ñ2ÛXÙ�ç/Ô�Ô�Ó Ù�ß
ÛXÔiÛ�êCÐ Õ¦Ò2Ü.Û¦é�Ñ3Ò�ÛJW�ÙfÛ®Ñ3Ñ2ÛXÙ�ç~Ô�öòØ¦ë Ý ë5ðòÒ2Û¦Ý¦Ü.Ø;ÐAÑ2Û�Ñ3Ï­Õ¦Ð$ø�ß Õ®Þ	Øoï¦Ø;Ò
Ñ2ßCØ;Ï­Ò"Ô2Ù·ÕXæ$ØfÏ©Ô5é­Ï¶Ü.Ï¶Ñ3ØWÖ,êAèEÑ3ßCØoÏ¶Ò�Ü.Õ¦ÐCÏ¶Ñ3ÕXÒ3Ï­ÐCÝ�æ�ÕXÔ3Ï�Ñ2Ï¶ÕXÐ>Þ�Ï¶Ñ3ß Ï¶Ð
Û¬ÐCØ;ÑFÞ	ÕXÒ3ç]ë

� È ����� Ì~Ë � Ì	� �ôÙ;Õ¦ÐAÑ2Û¦Ï¶Ð:Ò2ØoÙ·ÕXÒ2Ö Ô.Õ�ð-ÓCÐCÏ©Ö/Ï­Ò3ØWÙ�Ñ3Ï­Õ¦Ð$Û�é
� Õ®ÞyÔ.ê$Ø;ÑFÞ	ØoØ;ÐwÙ·ÕXÜ.æCÓ/Ñ3ØoÒ�æ�Õ¦Ò3Ñ2Ô�ÛXÙ·Ò2ÕXÔ2Ô¬Û¦Ð:Ï¶Ð Ô�Ñ3Ò2ÓCÜ.Ø;ÐAÑ�ÛJ=
Ñ2Ï¶ÕXÐ�æ$ÕXÏ¶ÐAÑ�ÕXÐ�Û-ÐCØ·ÑFÞ�Õ¦Ò2ç]ë�_�ßCØWÔ�ØEÒ3ØWÙ·Õ¦Ò�ÖCÔfÙoÛ�Ð�ê�ØyØ·û/æ�Õ¦Ò3Ñ3ØoÖ
ðòÒ2Õ¦Ü Ò3ÕXÓ/Ñ3ØoÒ2Ô¬ÕXÒ8Ô�Õ¦ð ÑFÞ�Û¦Ò3ØtÔ3Ó Ù�ß[Û¦Ôn[ � � � ] Õ¦Ò � _ C ìUë  
� Ø·Ñ<��é­Õ®ÞyÔÉÛ�Ò2Ø¼Û:Ò3Ï©Ù�ß�Ô�ÕXÓCÒ2Ù;ØíÕ�ð»Ï­Ð/ðòÕXÒ3Ü�Û®Ñ2Ï¶ÕXÐ�ðòÕ¦ÒtÑ3Ò�ÛJW�Ù
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Û�Ð Û¦é¶è/Ô3Ï­Ô.Ù·ÕXÐ Ô3Ï­Ô�Ñ3Ï­ÐCÝsÕ�ð>Ô3Õ¦Ü.ØtÕ¦Ò�Û¦é¶é�Õ¦ðEÑ3ß ØtðòÕ¦é­é¶Õ®Þ�Ï­ÐCÝíÖ/Ø�=
æ$ØoÐ Ö/Ï­ÐCÝ�Õ¦Ðtï¦ØoÒ2Ô3Ï­Õ¦ÐtÛ�Ð ÖtÙ·ÕXÐ/î ÝXÓCÒ2Û�Ñ3Ï­Õ¦Ð5õ ù ì[ÛXÖCÖ/Ò2ØoÔ2Ô�æ Û�Ï­Ò2Ô
öóÔ3Õ¦ÓCÒ�Ù·ØJF®Ö/ØWÔFÑ2Ï¶Ð Û�Ñ3Ï­Õ¦Ð$ø·Ú8æ�Õ¦Ò3Ñ_æ Û¦Ï¶Ò�Ô0öMÔ�ÕXÓCÒ2Ù;Ø�F�Ö/ØoÔ�Ñ3Ï­Ð Û®Ñ2Ï¶ÕXÐ$ø�Ú
æCÒ3Õ¦Ñ3Õ/Ù·ÕXé	ö�_ å ìIF � \ ì�ø�Ú�æ Û¦Ù�çXØ·Ñ�Ôyæ�Ø;Ò,Ô�ØWÙ·Õ¦Ð$ÖiÚ�Ñ3Ï­Ü¬ØWÔFÑ�Û�Ü.æ Ô
öóÔ�Ñ2Û�Ò3Ñ�F®Ø;Ð Ö)Û¦Ð Ö.F�ÕXÒ7Ñ3Ï­Ü¬Ø Ö/ÓCÒ�Û®Ñ3Ï­Õ¦Ð�ø�ÚíÛ�Ð Ö�ê~èAÑ3Ø½Ù·ÕXÓCÐAÑ2Ô
ö � Õ¦Ñ3ØXõ�Ñ2ßCØ;Ò2Ø»Û¦Ò3Ø
Ö/ÏXB]Ø;Ò2Ø;ÐAÑEï¦ØoÒ2Ô3Ï­Õ¦Ð Ô�Õ¦ð � Ø·Ñ<��é¶Õ®Þ�Ô3Õ�ð ÑFÞ�Û�Ò2Ø
Ñ3ß Û�Ñ.Û¦é¶é­Õ®Þ Ù·Õ¦ÐCî Ý¦ÓCÒ2Ï­ÐCÝÉðòÕ¦Ò.ï®Û�Ò2è~Ï¶Ð Ý Û®Ñ3Ñ3Ò2Ï¶êCÓCÑ3Ø{Ò3ØWÔ�ÕXé¶Ó/Ñ2Ï¶ÕXÐ
Ï¶Ð Ù;é¶Ó$Ö/Ï¶Ð Ý�Ô3Û¦Ü¬æ é¶Ï­ÐCÝAø·ë

� Ê �
� Ì�� ��Û�Ò2ØôÛ�ÐwÏ­Ð Ö/Ó$ÔFÑ2Ò3è[Ô�Ñ2Û�Ð$ÖCÛ�Ò�Ö�ðòÕ¦ÒtÙ;Û�æCÑ3ÓCÒ2Ï¶Ð Ý
Ï¶Ð/ðòÕXÒ3Ü�Û�Ñ3Ï­Õ¦ÐíÛ�ê�Õ¦Ó/Ñ-ÐCØ;ÑFÞ	ÕXÒ3çXØoÖ ÖCØ;ï~Ï­Ù;ØoÔ,ê~è ØoÐ Ù·Õ/Ö/ØWÖ Ü.ØWÔ�=
Ô3Û¦Ý¦ØoÔ¬ê~è_é­Ø;ïXØ;éSöóØ¦ë Ý ëwÞ�Û�Ò2ÐCÏ­ÐCÝ Ú�Ø;Ò2Ò2Õ¦ÒWÚ�Ø;Ü.ØoÒ3ÝXØ;Ð Ù;Ï¶ØWÔ2ø¬Û�Ð$Ö
êAè�ðóÛ¦Ù;Ï¶é­Ï¶ÑFè7öóØ¦ë Ý ëôÔ3Ø;Ò2ïAÏ©Ù·Ø�Û¦Ò3ØWÛ¦Ô
Ô3Ó Ù�ß'ÛXÔ
æCÒ2Ï¶ÐAÑ2Ï¶ÐCÝ$Ú � Ü�Û�Ï­éMÚ
ÐCØ·ÑFÞ�Õ¦Ò2çCø�ë ] è/Ô3é¶ÕXÝ Û�é©Ô3ÕÉðòÓCÐ Ù·Ñ3Ï­Õ¦Ð Ô¬Û¦Ô¬ÛôÖ/Ï©ÔFÑ2Ò3Ï­êCÓ/Ñ2ØoÖ_Ø;Ò2Ò3ÕXÒ
Ü.Û¦Ð Û�ÝXØ;Ò�ê~è�ðòÕ¦Ò2Þ�Û¦Ò2ÖCÏ¶ÐCÝ¼é­Õ¦Ý_Ø;ÐAÑ3Ò2Ï¶ØWÔ�Ñ2Õ'Õ�Ñ2ßCØ;ÒnÜ.ÛXÙ�ßCÏ­ÐCØoÔ
ðòÕ¦ÒtæCÒ2Õ~Ù;ØoÔ2Ô�Ï­ÐCÝ$ë ù Ð�ÛXÖCÖ/Ï¶Ñ3Ï­Õ¦Ð=Ñ3Õ:æ Û�Ñ�Ñ3ØoÒ3Ð�=LÜ�Û®Ñ�Ù�ßCÏ­ÐCÝ7Ô3è/Ô�=
é¶ÕXÝ»ØoÐXÑ2Ò3Ï­ØoÔ	ðòÕXÒ�ç~ÐCÕ®Þ�Ð{Û®Ñ3Ñ2Û¦Ù�ç�Ô3Ï­Ý¦Ð Û�Ñ3ÓCÒ2ØoÔoÚXÕ¦Ñ3ßCØoÒ�Ø·ûCÛ�Ü.æCé­ØoÔ
Õ�ð�Ô3Ó Ô3æCÏ©Ù·Ï­Õ¦Ó Ô�ÛXÙ�Ñ3Ï­ï~Ï�ÑFè8Ò3Ø*YXÓ Ï¶Ò2Ï¶Ð ÝSðòÓCÒ3Ñ3ß Ø;Ò�Ï­ÐAïXØoÔ�Ñ3Ï­ÝXÛ�Ñ3Ï­Õ¦Ð8Ï­Ð =
Ù·é­Ó Ö/Ø�Ù;Ò3Ï¶Ñ3Ï©Ù;Û¦é¦Ø;ïXØ;ÐAÑ2Ô�öóÔ3è~Ô�Ñ3ØoÜ�Ò3Øoê$Õ~Õ�Ñ�Ô2ø·ÚoÓ Ð Ô�Ó$Ù;Ù·ØWÔ3Ô�ðòÓCéXé¶ÕXÝ¦Ï­Ð
Û®Ñ�Ñ2Ø;Ü.æ/Ñ�Ô;Ú/ÐCØoÞ0Û¦ÙoÙ·ÕXÓCÐAÑ�Ù;Ò3ØWÛ®Ñ3Ï­Õ¦Ð�öòØoÔ3æ�ØoÙ·Ï©Û�é­é­è�Þ�Ï�Ñ2ß{Ô3æ$ØWÙ·Ï©Û�é
æCÒ3Ï­ï~Ï¶é­Ø;ÝXØoÔ�ø�Ú Ù;Õ¦ÐCÐ ØoÙ�Ñ2Ï¶ÕXÐ Ô�ðòÒ2Õ¦Ü Ñ3ßCØSÔ2Û�Ü.Ø
Ø;û~Ñ3Ø;Ò2Ð Û¦éißCÕXÔ�ÑyÑ3Õ
Ü.Û¦Ð~èôÏ¶ÐAÑ2Ø;Ò2Ð Û�é©Ô>ßCÕXÔ�Ñ2Ô,ÕXÐ Ñ2ßCØ�Ô3Û¦Ü.Ø¬æ�Õ¦Ò3Ñ�öòæ�Õ¦Ò3Ñ
Ô3ÙoÛ�Ð$ø·Ú"Õ¦Ò
Ù·ØoÔ2Ô2Û®Ñ3Ï­Õ¦Ð.Õ¦ð]é­Õ¦ÝXÝ¦Ï­ÐCÝ-Ü.ØoÔ2Ô3Û¦Ý¦ØWÔ�ðòÒ3ÕXÜ Û-ß ÕXÔ�Ñ�öòÜ�Û�è¬Ï¶Ð ÖCÏ­ÙoÛ®Ñ3Ø
Ñ3ßCØ�é­Õ¦Ý¦ÝXÏ¶Ð Ý�æCÒ2Õ/Ù·ØWÔ3Ô�ß ÛXÔ�ê�Ø;ØoÐ�Ö/Ø;é­Ø·Ñ2ØoÖ»Õ¦ÒÃÛ _"Ò2Õ5,�Û¦ÐSé­Õ¦Ý¦ÝXÏ¶Ð Ý
æCÒ3Õ/Ù;ØoÔ2Ô	Ï­Ð Ô�Ñ2Û¦é¶é­ØoÖ ø·ë

��Ì � �5�o�o�/�Wä Ì â � Ì	� ��Û�Ò2Ø�Ô�Ñ2Û¦Ð ÖCÛ¦Ò2ÖSÓ/Ñ3Ï­é¶Ï¶Ñ3Ï­ØoÔfÑ3ß Û�ÑUçXØ;Øoæ
é¶ÕXÝ¦Ï­Ð-F�é­Õ¦ÝXÕ¦Ó/Ñ>Ø;ÐAÑ3Ò2Ï¶ØWÔ,Õ¦Ð¼Û{Þ	ÕXÒ3ç/Ô�Ñ2Û�Ñ3Ï­Õ¦Ð�� Ô>é¶Õ/Ù;Û¦éfß Û�Ò�ÖsÖ/Ï­Ô3ç
öòÏ­Ð{ÛXÖCÖ/Ï¶Ñ3Ï­Õ¦Ð�Ñ2Õ�Ù·Ø;ÐAÑ2Ò2Û¦é¶é­è.Ü.Û¦Ï¶ÐAÑ�Û�Ï­ÐCØoÖnÔ�è/Ô3é¶ÕXÝXÔ�ø�ë ] Õ¦Ü.Ø,Û�æ =
æCé¶Ï©Ù;Û�Ñ3Ï­Õ¦ÐíÔ�Õ¦ð ÑFÞ�Û¦Ò3Ø¬Û�é©Ô�Õ{Ü�Û�Ï­ÐAÑ2Û�Ï­Ð�ÛXÙ;Ù;ØoÔ2Ô�é­Õ¦ÝAÔ;ë C ÐCØ�Ô�Ó$Ù�ß
Ø·ûCÛ�Ü.æCé­Ø�Ï©Ô-Ñ3ß Ø8Ó Ô3Ø8Õ¦ð�Ð Ø·ÑFÞ�Õ¦Ò2ç =|ê ÛXÔ�ØWÖ �¦é¶Ï©Ù·ØoÐ Ô�ØnÔ�ØoÒ3ïXØ;Ò�Ô � ë
K�ÕXÒ3ç/Ô�Ñ2Û®Ñ2Ï¶ÕXÐ¼é¶ÕXÝXÔ»Û�Ò2Ø8ÛôÔ�Ñ2Û�Ð$ÖCÛ�Ò�ÖsðòÓCÐ Ù·Ñ3Ï­Õ¦Ð_æ Ò3Õ®ï~Ï©Ö/ØoÖíÕXÐ
Ü.Û¦Ð~è¼Õ¦æ�Ø;Ò�Û®Ñ3Ï­ÐCÝíÔ�è/Ô�Ñ3ØoÜ.Ô¬êCÓCÑ�Ñ3ßCØoè_Û�Ò2Ønæ�ÕXÔ2Ô3Ï¶êCé­ØnÑ3Õ¼Ö/Ï©Ô�=
Û�êCé­Ø¦ë � ÛXÙ�ßwÞ�Õ¦Ò2ç~Ô�Ñ2Û�Ñ3Ï­Õ¦ÐwÛ¦é­Ô3Õ'Ü�Û�Ï­ÐAÑ2Û�Ï­Ð ÔtÛ'é­Õ¦Ý�Õ�ðSÜ�Û¦Ï¶é
Ñ3Ò�Û�Ð Ô2Û¦Ù·Ñ3Ï­Õ¦Ð Ô�Õ¦Ò2Ï­Ý¦Ï­Ð Û®Ñ2Ï¶ÐCÝ»ðòÒ2Õ¦Ü Ñ2ß Û®ÑyÞ�Õ¦Ò2ç/ÔFÑ�Û®Ñ3Ï­Õ¦Ð"ë

� ��� �X�C��� È Û�ÑEÔ�ÓCê ÐCØ·ÑyÒ2Õ¦Ó/Ñ2Ø;Ò�Ô�Û�Ð ÖtÔ3Þ�Ï�Ñ�Ù�ßCØoÔ�Ù;Õ¦Ð =
Ñ2Û�Ï­Ð�Ù;Û¦Ù�ß ØoÖ[Ñ�Û�êCé­ØoÔtÕ¦ð»Ò2ØoÙ;Ø;ÐAÑôÙ·Õ¦Ð~ïXØ;Ò�Ô�Ï­Õ¦Ð Ô�ðòÒ3ÕXÜ ù ì�Û¦ÖG=
Ö/Ò3ØWÔ3Ô3ØoÔ�Ñ3Õ_æ ßAè/Ô3Ï­ÙoÛ�é�ß Û�Ò�Ö/Þ�Û�Ò2ØtÛXÖCÖ/Ò2ØoÔ2Ô�ØWÔ.ðòÕ¦Òné¶Õ~ÕXçAÓ æwØ·ð5=
î$Ù·Ï­Ø;Ð Ù;è¦ë _�ßCØíØ;ÐAÑ3Ò2Ï¶ØWÔnÛ¦Ò3ØsÕ�ð»ÑFÞ	Õ�ÑFè~æ$ØWÔ;õ:Ö/è~Ð Û¦Ü¬Ï©Ù�Ø;Ð =
Ñ3Ò2Ï¶ØWÔ
Ñ2ß Û®Ñ.Û�Ò2ØnÛ¦Ö Ö/ØoÖ.F®Ò3ØoÜ.Õ®ï¦ØoÖíÛ¦Ó/Ñ3ÕXÜ.Û�Ñ3Ï©Ù;Û¦é¶é­è�Õ®ïXØ;Ò-Ñ2Ï¶Ü.Ø
Û�Ð Ö¼Ô�Ñ2Û�Ñ3Ï©Ù�Ø;ÐAÑ3Ò2Ï­ØoÔ-Þ�ßCÏ©Ù�ß¼Ò2Ø;Ü�Û�Ï­ÐíÏ¶ÐíÑ2ßCØnÙoÛ¦Ù�ßCØ�ÓCÐAÑ2Ï¶é�Ñ3ßCØ
Ù·Õ¦Ü.æCÓCÑ3Ø;Ò.Ï©Ô.Ò3ØWÔFÑ�Û�Ò3Ñ3ØWÖië � ÛXÙ�ß_Ö/è~Ð Û¦Ü¬Ï©Ù [��yì Ù;ÛXÙ�ßCØ{Ø;Ð =
Ñ3Ò2èwß Û¦ÔÉÛ7æ�Õ�Ñ2Ø;ÐAÑ3Ï©Û�é
é­Ï¶ðòØ·Ñ3Ï­Ü.Ø¼Õ�ð.ê$Ø;ÑFÞ	ØoØ;Ð½ú�=�÷/K�Ü.Ï¶Ð~Ó/Ñ2ØoÔ
öóÖ/Øoæ$ØoÐ Ö/Ï­ÐCÝ'Õ¦Ð[ÕXæ$ØoÒ2Û�Ñ3Ï­ÐCÝ'Ô3è~Ô�Ñ3ØoÜ Ô3Ø·Ñ3Ñ3Ï­ÐCÝXÔoÚ�ÐCØ;Þ�Ø;ÐAÑ2Ò3Ï­ØoÔ
Û�Ò2Ø.Ñ3Ï­Ü¬ØS=|Ô�Ñ2Û¦Ü.æ$ØWÖ ø
Û¦Ð Ö¼ÛÉé­Õ¦ÝÉÕ�ðEÛ¦é¶é	Ø;ÐAÑ3Ò2Ï­ØoÔ
ÙoÛ�Ð¼ê�ØnÙ·Ò2Ø�=
Û®Ñ3ØWÖ'Õ®ïXØ;Ò.Û�Ô3æ$ØWÙ·Ï¶î ØoÖ'Ñ3Ï­Ü.Ø{æ�Ø;Ò2Ï­Õ~Ö5ëi_�ßCØ [��yì Ù;ÛXÙ�ßCØ{Ï­Ô
Ó Ô�Ø;ðòÓCé�Ñ3ÕnÖCØ·Ñ3ØoÒ3Ü.Ï­ÐCØ»Ô�Ñ2Û�Ñ3Ï©Ù ù ì=Û¦ÖCÖ/Ò2ØoÔ2Ô3ØoÔ	�CÑ3ÕnÏ­ÖCØ;ÐAÑ3Ï¶ðòèÉÓCÐ =
Ò3ØoÝ¦Ï©ÔFÑ2Ø;Ò2ØoÖ.F®ÓCÐCç~ÐCÕ®Þ�Ð5ÚXÜ¬Ï©Ô3Ò3ØoÝ¦Ï©ÔFÑ2Ø;Ò2ØoÖôöóÏ¶Ð Ù;é¶Ó$Ö/Ï¶Ð Ý»Ü�Û�é­Ï©Ù·Ï­Õ¦Ó Ô
Ô�æ�Õ~Õ�î ÐCÝ~ø�Ú/Û�Ð$Ö8Ü.Ï©Ô3Ù;Õ¦Ð/î ÝXÓCÒ2ØoÖ�Ö/Øoï~Ï­Ù;ØoÔ�Û®Ñ3Ñ2Û¦Ù�ß ØoÖ�Ñ2Õ�ÛSÐCØ;Ñ,=
Þ	ÕXÒ3ç
�®Ï©Ö/Ø;ÐAÑ3Ï¶ðòè~Ï¶Ð Ý-Þ�ß Û®Ñ ù ìsÛ¦ÖCÖ/Ò2ØoÔ2ÔWöòØoÔ�ø�Û�æ$Û�Ò3Ñ3Ï©Ù·ÓCé©Û�ÒUß Û¦Ò2ÖG=
Þ�Û¦Ò3Ø�Û¦ÖCÖ/Ò2ØoÔ2Ô�Ï­Ô�Ó Ô3Ï¶Ð Ý��®Ñ2Õ>Ö/ØoêCÓCÝ>Ï�ð]Ûyæ Û¦Ò�Ñ2Ï­Ù;ÓCé©Û�ÒUÖ/Ø;ï~Ï©Ù·Ø�ß Û¦Ô
Ù·Õ¦Ð ÐCØoÙ·Ñ3Ï­ïAÏ¶ÑFè
�®Ñ3Ò�Û¦Ù�ç~Ï­ÐCÝEÓ Ð Ô�Ó$Ù;Ù·ØWÔ3Ô�ðòÓCéCÙ;Õ¦ÐCÐCØWÙ�Ñ2Ï¶ÕXÐ»Û®Ñ3Ñ3ØoÜ¬æCÑ2Ô
Ñ3Õ8Ö/Øoï~Ï­Ù;ØoÔ�Ñ2ß Û®ÑEØoÏ�Ñ2ßCØ;Ò>Û�Ò2Ø-ÐCÕ�ÑEÙ;ÓCÒ2Ò3ØoÐXÑ2é¶ènÕ¦ÐtÑ2ßCØ
ÐCØ;ÑFÞ	ÕXÒ3ç
Õ¦Ò�Ö/Õ'Ð Õ�Ñ�Ø·û/Ï©ÔFÑ���Û¦Ð Ö7é­ÛXÔFÑ2é¶è �3Û�Ò2æ:Ù;Û¦Ù�ß ØÉæ$ÕXÏ­Ô3Õ¦ÐCÏ­ÐCÝ �sÛ�Ñ,=
Ñ2Û¦Ù�ç/Ô5Û¦ÝXÛ¦Ï¶Ð Ô�Ñ"Û�Ò2æ-Ï¶Ñ2Ô3Ø;é¶ð"ö Ñ3ß Ø�Ï­Ð Ô�ØoÒ�Ñ2Ï¶ÕXÐ-Õ�ð~ðóÛ�ê Ò3Ï©Ù;Û�Ñ3ØoÖ-Ö Û®Ñ2ÛAø�ë

_�ß Ï­Ô"é¶ÕXÝEÙ;Û¦æ Û�êCÏ­é­Ï�ÑFè>Ï­Ô"ê$ØWÙ·ÕXÜ¬Ï­ÐCÝyÜ.ÕXÒ3ØÃÏ­Ü.æ$ÕXÒ�Ñ�Û�ÐAÑ"Þ�Ï¶Ñ3ß-Ñ2ßCØ
ÝXÒ3Õ®Þ�Ñ2ß8Õ¦ð�Þ�Ï­Ò3Øoé¶ØWÔ3Ô�ÛXÙ;Ù·ØWÔ3Ô�æ�Õ¦Ï­ÐAÑ2Ô�Ï­ÐAÑ3Õ.ÐCØ·ÑFÞ�Õ¦Ò2ç/Ô;ë

�É� �_È � È � �$È � � �
�J�X�C��� È Ù·ÕXÐAÑ2Û�Ï­Ð ÔtÜ�Û�æ æCÏ¶Ð ÝXÔ
ê�Ø·ÑFÞ�Ø;ØoÐ
ðòÓCé­é­è =:YAÓ Û�é­Ï¶î ØoÖSßCÕXÔ�Ñ3Ð Û¦Ü.ØoÔUÛ�Ð Ö»Ù·ÕXÒ3Ò2ØoÔ3æ$ÕXÐ Ö/Ï­ÐCÝ ù ì
ÛXÖCÖ/Ò2ØoÔ2Ô�ØWÔ öMÛ�Ð Ö=Ù·Õ¦Ò2Ò2ØoÔ3æ$ÕXÐ Ö/Ï­ÐCÝ'Ð Û¦Ü¬ØsÔ�ØoÒ3ïXØ;ÒnßCÕXÔ�Ñ3Ð Û¦Ü.ØoÔ
Û¦Ð Ö{Ð Û�Ü.ØWÔ�ØoÒ3ïXØ;Ò ù ì[Û¦ÖCÖCÒ3ØWÔ3Ô3ØoÔ�ø	ê Û¦Ô3ØoÖ{Õ¦ÐtÒ2ØoÙ;Ø;ÐAÑ�Ò3Ø*YXÓ ØoÔ�Ñ2Ô
Ñ2Õ'Õ�Ñ2ßCØ;Ò{Ð Û¦Ü¬ØsÔ�ØoÒ3ïXØ;Ò�Ô;ë _�ßCØsÛ�Ü.Õ¦Ó ÐXÑ{Õ�ð-Ñ2Ï¶Ü.Ø�Û_Ð Û�Ü.Ø
Ô3Ø;Ò2ï¦ØoÒ
Ò2Ø·Ñ2Û¦Ï¶Ð$Ô
Ù;ÛXÙ�ßCØ8ÖCÛ�Ñ2ÛÉÏ©Ô»Ù;Õ¦ÐAÑ3Ò2Õ¦é­é­ØoÖsê~è�Ñ2ßCØ�Ñ2Ï¶Ü.ØS=MÑ2Õ�=
é­Ï­ï¦Ø:ö<_�_ ��ønðòÕXÒ{Ñ3ßCØ¼ÖCÛ�Ñ2ÛCë _�ßCØWÔ�Øíé­Õ¦ÝXÔ{Ù;Û¦Ð=ê�Ø¼Ù·Ò2ØoÛ�Ñ3ØoÖ
ï~Ï©ÛSæ�Ø;Ò2Ï­Õ~ÖCÏ­Ù,Ô3Ð Û�æ{Ô�ßCÕ¦Ñ2Ô�Õ¦ð"Ñ3ß Ø,ÙoÛ¦Ù�ßCØ�Ñ3Ï­Ü.ØoÖtÔ3ßCÕ¦Ò3Ñ3ØoÒ�Ñ2ß Û�Ð
Ñ2ßCØ _�_ �íÑ2Õ8Ù;Û¦æ/Ñ3Ó Ò3Ø
ÖCÛ�Ñ2Û.ê�Ø·ðòÕXÒ3Ø
Ï¶ÑEØ;û~æ Ï¶Ò2ØoÔoë�ñEÕXÔ�ÑyÑ2Û¦êCé­ØoÔ
ö�ë T � R+�N> ��Û¦Ð Ö ��R+�N>I��� ��� � @���ø>Ñ2ß Û®Ñ
Ü�Û¦æ ù ì�ÛXÖCÖ/Ò2ØoÔ2Ô�ØWÔ>Ñ3Õ
ß ÕXÔ�Ñ3Ð Û¦Ü¬ØWÔ	Û¦é­Ô3Õ¬æCÒ3Õ®ï~Ï©Ö/ØoÔ	Ò2ØoÙ·ØoÐAÑ	ßCÕAÔFÑ2Ð Û�Ü.Ø�=LÑ3Õ1= ù ì�Û¦ÖCÖCÒ3ØWÔ3Ô
Ü�Û¦æCæCÏ­ÐCÝ�Ï­Ð/ðòÕXÒ3Ü�Û®Ñ2Ï¶ÕXÐ5ë \ � ] Ù;Û¦Ù�ß Ø8Ï©Ô»Ü.ÕAÔFÑ.Ø�B]ØoÙ·Ñ3Ï­ï¦Ø{Ï¶Ð
ÖCØ·Ñ3ØWÙ�Ñ2Ï¶ÐCÝ ù ìIF ��� ��Ô�æ�Õ~Õ�ð�Û�Ñ�Ñ2ÛXÙ�ç/Ô�Û¦Ð ÖôÜ�Û�é­Ï©Ù·Ï­Õ¦Ó Ô>Ô�Ð ÏZW�ÐCÝ
öóê~èwÏ­ÖCØ;ÐAÑ3Ï¶ðòè~Ï¶ÐCÝ:Ü�Û¦Ù�ß Ï¶ÐCØWÔtæ$ØoÒ�ðòÕXÒ3Ü.Ï­ÐCÝ7ßCÏ¶ÝXß=ïXÕ¦é­ÓCÜ.ØoÔtÕ¦ð
\ � ] YAÓCØoÒ3Ï­ØoÔ�Þ�Ï¶Ñ3ßÉÛ�ÓCÑ3Õ¦Ü�Û�Ñ3ØoÖ{Ô2Ù·Ò2Ï¶æ/Ñ�Ô2ø·ë

� äó� � � ã 
 � È � �$È � � Ì�� �EÜ�Û�Ï­ÐAÑ2Û¦Ï¶Ð{Ô�è/Ô�Ñ3Ø;Ü�Û¦Ù;Ù;Õ¦ÓCÐAÑ2Ï¶ÐCÝ
Ò2ØoÙ;Õ¦Ò�ÖCÔ¬Õ¦Ð7Þ�ßCÕíÜ�Û�ç¦ØWÔ¬Ï¶ÐCÝXÕ¦Ï­ÐCÝGF®Õ¦Ó/Ñ2Ý¦ÕXÏ¶ÐCÝ�ÐCØ·ÑFÞ�Õ¦Ò2ç'Ù·ÕXÐ =
Ð ØoÙ�Ñ2Ï¶ÕXÐ Ô,Ñ2Õ{ß Ø;é­æ¼Ï­Ö/ØoÐAÑ3Ï¶ðòè�Ô3Ó Ô�æ Ï­Ù;Ï¶ÕXÓ Ô
Û¦Ù·Ñ3Ï­ï~Ï�ÑFèôÏ­ÐCÝXÕ¦Ï­ÐCÝtÕ¦Ò
ÕXÓ/Ñ3ÝXÕ¦Ï­ÐCÝ.Û®Ñ�Ñ3ßCÏ©ÔyÛXÙ;Ù·ØWÔ3Ô�Ù�ß Õ¦ç¦Ø>æ�Õ¦Ï­ÐXÑWë

ÇÉÈ ��� È � Ì � � Ì�� �ôÙ·ÕXÐXÑ�Û�Ï­ÐwÛ�é­é�Ï­Ð Ô�Ñ2Û¦Ð Ù·ØWÔ�Õ�ð-Ñ2ßCØ Ó$Ô�Ø
Õ¦ð,Ñ3ßCØ�ç¦Ø;Ò2ê�Ø;Ò2ÕXÔ�Û¦Ó/Ñ3ßCØoÐAÑ3Ï©Ù;Û®Ñ2Ï¶ÕXÐwÔ�è/Ô�Ñ3ØoÜQÏ­ÐwÛ'Ð Ø·ÑFÞ�Õ¦Ò2çE=
� ØoÒ3ê�Ø;Ò2ÕXÔ�Ñ3Ï©Ù�ç¦Ø;Ñ2ÔnÒ3Ø*YXÓ ØoÔ�Ñ3ØoÖ5ë _�ßCÏ©Ô{Ï¶ÐCðòÕ¦Ò2Ü.Û�Ñ3Ï­Õ¦Ð0ÙoÛ�Ðwê�Ø
Ó$Ô�ØWÖSÑ2Õ-Ý¦ØoÐCØ;Ò�Û®Ñ2Ø ��é­Õ¦Ý¦Ï­Ð �>Ý¦Ò�Û�æ ß ÔfÛ�Ð Ö.Ö/Ø;Ñ3ØoÒ3Ü.Ï­ÐCØ�Þ�ßCÕ
Þ�Û¦Ô
é­Õ¦ÝXÝ¦ØWÖEÏ­ÐAÑ3ÕEÛ�æ Û¦Ò�Ñ2Ï­Ù;ÓCé©Û�Ò5Þ�Õ¦Ò2ç/ÔFÑ�Û®Ñ3Ï­Õ¦Ð,Û®Ñ�Û�æ Û�Ò3Ñ3Ï©Ù·ÓCé©Û�Ò5Ñ3Ï­Ü¬ØXë

�,��� � � Ì�� ��ÚÃÒ2Ø·ðòØ;Ò2Ò2ØoÖíÑ2ÕsÛXÔSÜ�Û�Ð$Û�Ý¦ØoÜ.Ø;ÐAÑ»Ï­Ð/ðòÕ¦Ò)=
Ü�Û�Ñ3Ï­Õ¦Ð�ê Û¦Ô3ØoÔ¼ö � ù ��Ô2ø·Ú
Û�Ò2ØíÖ Û®Ñ2Û¦ê Û¦Ô3ØoÔtÕ¦ð»Ü�Û�Ð$Û�Ý¦ØWÖ0ÕXê =
,FØWÙ�Ñ�ÔÉÑ3ß$Û®ÑsÔ�Ñ3ÕXÒ3Ø¼Ï­Ð/ðòÕXÒ3Ü�Û®Ñ2Ï¶ÕXÐ½Û�ê�Õ¦Ó/ÑsÛ[Þ�Ï­ÖCØ'ï®Û�Ò2Ï¶Ø;ÑFè=Õ¦ð
Ð Ø·ÑFÞ�Õ¦Ò2ç:ÖCØ;ï~Ï­Ù;Ø¼Û®Ñ�Ñ2Ò3Ï­êCÓ/Ñ2ØoÔoë _�ß Ø ] � �ôì1ö ] Ï¶Ü.æCé­Ø � Ø·Ñ)=
Þ�Õ¦Ò2ç �ôÛ¦Ð Û�ÝXØ;Ü.Ø;ÐAÑôìÃÒ2Õ�Ñ2Õ~Ù;Õ¦é ø�ÕXæ$ØoÒ2Û�Ñ3ÕXÒtÛ¦æCæCé­Ï­ÙoÛ®Ñ2Ï¶ÕXÐ=Ï­Ð =
ïXÕ¦é­ï¦ØWÔ�Ü¬ÕXÐCÏ¶Ñ3Õ¦Ò2Ï­ÐCÝ�ÐCØ·ÑFÞ�Õ¦Ò2ç8Ö/Øoï~Ï­Ù;ØoÔ�ï~Ï©Û�æ$ÕXé¶é©Ô�Ñ2Õ�ÐCØ·ÑFÞ�Õ¦Ò2ç
ÖCØ;ï~Ï­Ù;Ø¼Û�Ý¦ØoÐAÑ2ÔnðòÕ¦ÒÉÔ3æ$ØWÙ·Ï¶î ØoÖ � ù � Ï­Ð/ðòÕXÒ3Ü�Û®Ñ2Ï¶ÕXÐ0ÕXÒnÑ2Ò2Û¦æ Ô
ðòÒ2Õ¦ÜQÐCØ;ÑFÞ	ÕXÒ3ç7Ö/Ø;ï~Ï©Ù·Ø�Û¦Ý¦ØoÐXÑ�Ô�ÐCÕ¦Ñ3Ï¶ðòè~Ï¶ÐCÝ'Ñ3ßCØsÕ¦æ�Ø;Ò�Û®Ñ2Õ¦Ò�Õ¦ð
Û¦ÐnØoï¦ØoÐXÑWë

�8Ì ã��oä â � �W�/�*� È � Ì	� ��öòØ¦ë Ý ë­Ú�Ï­ÐXÑ2Ø;Ò)=|ÖCÕ¦Ü�Û�Ï­Ð � �,ìUÚ
Ï­ÐAÑ3Ò�ÛJ=«Ö/Õ¦Ü�Û¦Ï¶Ð C ] ì �íÕ¦Ò � ù ì	ø�æCÒ2Õ®ï~Ï­Ö/Ø�Ï¶ÐCðòÕ¦Ò2Ü.Û�Ñ3Ï­Õ¦Ð{Û�ê�Õ¦Ó/Ñ
Ò2Õ¦ÓCÑ3Ï­ÐCÝ�=|ê Û¦Ô3ØoÖ.Û�Ñ�Ñ2ÛXÙ�ç/Ô�Ò�Û�ÐCÝXÏ¶Ð Ý,ðòÒ3ÕXÜ{õ�ö�÷WøfÏ­Ð Ö/Ï­ï~Ï­ÖCÓ Û�é]Ü.Ï­Ô,=
ê�Ø;ß$Û�ïAÏ­ÐCÝÉÒ2Õ¦Ó/Ñ2Ø;Ò�Ô,Ñ3ß$Û®Ñ¬ÖCÒ3ÕXæ-F�Ü.Ï©Ô�Ò2Õ¦Ó/Ñ2Ø.æ Û¦Ù�çXØ·Ñ2Ô
Õ¦ÒSÏ­Ð
,FØWÙ�Ñ
ÖCÏ­Ô3Ò3Ó æ/Ñ3Ï­ï¦Øoé¶è[é©Û�Ò2Ý¦Ø�Ò3ÕXÓ/Ñ3Ï­ÐCÝ�Ñ2Û�ê é¶ØWÔ;Ú�Ñ3Õ�öMúXø8Ñ3ßCØ¼Ô3è~Ô�Ñ3ØoÜ.Ï­Ù
Ð Ø·ÑFÞ�Õ¦Ò2ç =|Þ�Ï©Ö/ØÃÛ¦Ö/ïXØ;Ò3Ñ3Ï©Ô�ØoÜ.Ø;ÐAÑ"Õ�ð/ðóÛ¦é­Ô3Ø�Ò2Õ¦ÓCÑ3Ï­ÐCÝyÏ­Ð/ðòÕ¦Ò2Ü�Û®Ñ3Ï­Õ¦Ð
ÕXÒyÑ2ßCØ.Ï¶Ð Ô�Ñ2Û¦êCÏ­é¶Ï¶ÑFèÉÙ;Û�Ó$Ô�ØWÖÉê~ètÑ3ßCØ¬æCÒ2Õ¦æ Û¦ÝXÛ®Ñ2Ï¶ÕXÐtÕ�ð�Þ�Õ¦Ò2Ü�Ô;ë
�>é­Õ¦ê$Û�éLÚ	é­Õ/Ù;Û�éLÚ�Õ¦Ò�æ�Ø;ØoÒ�Ò3ÕXÓ/Ñ3Ï­ÐCÝsÑ2Û¦êCé­ØoÔ�æCÒ2Õ®ï~Ï­ÖCØtÖCÏZB]Ø;Ò2Ø;ÐAÑ
ï®Û¦ÐXÑ�Û�ÝXØ�æ�Õ¦Ï­ÐAÑ2Ô�ðòÕXÒyÛ�Ð Û¦é¶è/Ô3Ï­Ôoë �

��äò� ÈAË � � � � Ì	� ��Û�Ò2Ø�Ï¶Ü.æ�Õ¦Ò3Ñ2Û¦ÐXÑÃÏ­Ð�Û,Ò2ØoÙ·Ó Ò2Ô3Ï¶ïXØ	Þ�Û�è¦Ú¦Ñ3Õ
Ü�Û¦Ï¶ÐAÑ2Û¦Ï¶Ð¬Ñ2ßCØyØ�B]ØoÙ·Ñ3Ï­ï¦ØoÐCØoÔ2ÔfÕ�ð]Ï¶Ñ2ÔÃÏ­ÐAÑ3ØoÒ3Ð Û¦éCÒ2ÓCé¶ØyÔ3Ø·ÑWë`[[Ò3Ó é¶Ø
Ô3Ø·Ñ	Ø·ûCÛ¦Ù·Ñ3é­è»Ô3æ$ØWÙ·Ï¶î ØoÔ�Þ�ß Û®ÑÃÑ2Ò2Û�W�Ù�Ñ3Õ
æ�Ø;Ò2Ü.Ï�Ñ�F�êCé­Õ/Ù�ç HSÑFè~æCÏX=
ÙoÛ�é­é¶è,ÝXÒ3Õ®Þ�Ï­ÐCÝyÏ­ÐSÐ~ÓCÜ»ê$ØoÒ�Õ¦ð Ò2ÓCé¶ØWÔ"ê�Ø;èXÕ¦Ð ÖSß~ÓCÜ�Û�Ð»Ù;Õ¦Ü.æCÒ2Ø�=
ß Ø;Ð Ô3Ï¶ÕXÐ5ë$[7î Ò3ØoÞ�Û¦é¶é/Ï©ÔÃÛ-Ù;Õ¦Ü.æCÓ/Ñ2Ø;ÒfÕ¦ÒfÝXÒ3ÕXÓCæ¬Õ�ðiÙ·Õ¦Ü.æCÓCÑ3Ø;Ò�Ô
Ñ2ß Û®Ñ¬Ï¶ÐAÑ2Ø;Ò3ðóÛ¦Ù·ØWÔ
ê�Ø·ÑFÞ�Ø;ØoÐ_Û�Ð'Ï­ÐAÑ3ØoÒ3Ð Û¦é�ÐCØ;ÑFÞ	ÕXÒ3ç F�Ù·Õ¦Ü.æCÓCÑ3Ø;Ò

� ����� ����ÿ	���*��� �	�q�����*������� �Lÿ	k���� �������������E��!g��f�� )����*���:3����:l�!
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Û�Ð Ö,Ñ2ßCØ ù ÐAÑ2Ø;Ò2ÐCØ·Ñ�Ñ3ÕEØoÐ/ðòÕ¦Ò�Ù·Ø	Û�Ð
ÕXÒ3ÝAÛ�ÐCÏ�AoÛ�Ñ3Ï­Õ¦Ð Û¦é¦Û¦ÙoÙ·ØoÔ2Ô5Ù;Õ¦Ð =
Ñ3Ò2Õ¦é"æ�Õ¦é­Ï©Ù·è{êAè{æCÒ2Õ/Ù·ØoÔ2Ô3Ï¶ÐCÝ�æ$Û¦Ù�ç¦Ø;Ñ2Ô�F®Ù;Õ¦ÐCÐCØWÙ�Ñ2Ï¶ÕXÐ Ô�ê Û¦Ô3ØoÖtÕXÐ
Ñ3ßCØ	Ò3ÓCé­Ø�Ô3Ø·ÑWë � ��Ï­Ò2Ø;Þ�Û�é­é­Ô5ÙoÛ�Ð-ê�Ø	Ó$Ô�ØWÖ>Ñ3ÕEÜ.ÕXÐCÏ�Ñ2Õ¦Ò�ê$Õ¦Ñ3ß
ÐCÕXÒ,=
Ü.Û¦é Û¦Ù·Ñ3Ï­ï~Ï�ÑFè{ö ÑFè~æ$ØWÔfÕ�ðiÔ3Ø;Ò2ïAÏ©Ù·ØWÔUÒ3Ø*YAÓCØoÔ�Ñ3ØWÖ¬Û¦Ð Ö¬Ó Ô3ØoÖiÚAÙ·Õ¦ÜU=
Ü¬ÕXÐ_Ø;ûAÑ2Ø;Ò2Ð Û�é ù ì Û¦ÖCÖCÒ3ØWÔ3Ô3ØoÔ¬Û¦ÙoÙ·ØoÔ2Ô3Ï¶ÐCÝ�Ï¶ÐAÑ2Ø;Ò2Ð Û�é�Ô3Ø;Ò2ïAÏ©Ù·ØWÔ;Ú
Ù·Õ¦Ü.Ü.Õ¦Ð�Û¦Ù;Ù;ØoÔ2Ô
Ñ2Ï¶Ü.Ø{æ Û®Ñ3Ñ3ØoÒ3Ð Ô�ø»Û�Ð Ö'Ô3Ó Ô3æCÏ©Ù·Ï­Õ¦Ó Ô¬Û¦Ù·Ñ3Ï­ïAÏ¶ÑFè
öòæCÒ2Õ¦ê�ØoÔEÑ3Õ{æ$ÕXÒ�Ñ�ÔEÞ�Ï¶Ñ3ßsÐCÕ{Û�Ó/Ñ2ßCÕ¦Ò2ÏXAoØoÖôÔ3Ø;Ò2ï~Ï­Ù;ØoÔoÚ]Ø·û~Ñ3ØoÒ3Ð Û¦éZ=
Ñ3Õ�=|Ï­ÐXÑ2Ø;Ò2Ð Û�é � Õ®ÞyÔ	Þ�Ï�Ñ2ßnÔ3Õ¦ÓCÒ�Ù·ØyÏ­ÐAÑ3ØoÒ3Ð Û¦é ù ì�Û¦ÖCÖCÒ3ØWÔ3Ô3ØoÔoÚ¦ÕXÓ/Ñ,=
ê$ÕXÓCÐ Ö:Ù·ÕXÐCÐCØoÙ·Ñ3Ï­Õ¦Ð Ô�ðòÒ3ÕXÜ�ÓCÐ Ù�ß Û¦Ò2ÛXÙ�Ñ2Ø;Ò2Ï­Ô�Ñ3Ï©Ù{Ï¶ÐAÑ3ØoÒ3Ð$Û�é�Ü�ÛJ=
Ù�ßCÏ¶Ð ØoÔoÚ�Û¦Ð Ö_Ü.Õ/Ö/Ï¶î$Ù;Û�Ñ3Ï­Õ¦Ð-F�Ö/Ï©Ô3Û¦êCé¶Ï­ÐCÝsÕ�ð>Ñ3ßCØtî$Ò3ØoÞ�Û¦é¶é�Ò2ÓCé¶Ø
Ô�Ø;Ñ�ø�ë:��Õ¦Ò�Ö/Ø;Ò�Ò3ÕXÓ/Ñ3ØoÒ2Ô�Þ�Ï¶Ñ3ß»Ñ3ßCØ�Û�ê Ï¶é­Ï�ÑFè>Ñ2Õ,ÛXÖCÖSÔ�Ñ2Û�Ñ3Ï©Ù�Ò2Õ¦ÓCÑ3ØoÔ
Ù;Û�ÐtÔ3Ø;Ò2ï¦Ø,ÛSî$Ò3ØoÞ�Û¦é¶é]ðòÓCÐ$Ù�Ñ3Ï­Õ¦Ð¼ö � å ] [½ÖCÕAØWÔ�Ñ3ßCÏ©Ô�ø

á;â �;�®ã��Wä Ì â �{È � È ���Wä Ì â � Ê �;� È � � Ì	� ��Ù·Õ¦ÐAÑ�Û�Ï­Ð»Û�é­Ø;Ò3Ñ2Ô
Ï¶Ð ÖCÏ­ÙoÛ®Ñ3Ï­ÐCÝsÔ�æ�ØoÙ;Ï�î$Ù{Û®Ñ3Ñ2ÛXÙ�ç~Ôoë �>Ø;ÐCØoÒ2Û¦é¶é­è¦ÚfÞ�ßCÏ­é­Ø{Ûôî Ò3ØoÞ�Û¦é¶é
ß Û¦ÔfÛ,æCÒ2ÕXÛXÙ�Ñ2Ï¶ïXØ�æ Ò3Øoï¦Ø;ÐAÑ�Û®Ñ3Ï­ï¦Ø	ðòÕ/Ù·Ó ÔoÚXÛ¦Ð ù�\ ] ß ÛXÔfÛ,æ Û¦Ô2Ô3Ï¶ïXØ
Ò3ØWÛ¦Ù�Ñ2Ï¶ïXØ8ðòÕ/Ù;Ó Ô;ë ù�\^] Ô�ÙoÛ�Ð7ê$ØÉÙ;Û�Ñ3ØoÝ¦Õ¦Ò2Ï�A;ØoÖ_Ï¶Ð7ÑFÞ�Õ�Þ�Û�è/Ô;õ
êAè.Ô3Ø;Ð Ô3Õ¦ÒÃæ é­ÛXÙ·Ø;Ü.ØoÐXÑ>öòÐCØ;ÑFÞ	ÕXÒ3ç¬ï¦ØoÒ2Ô3Ó ÔfßCÕAÔFÑ�øÃÛ¦Ð Ö.ê~èSÑ2ØoÙ�ß =
ÐCÏ�YAÓCØ,öóÔ3Ï­Ý¦Ð Û�Ñ3ÓCÒ2Ø�ïXØ;Ò�Ô�Ó Ô�Û�Ð Õ¦Ü�Û�é­èCø�Ú�Þ�Ï�Ñ2ß¬Û¦é¶é/Ù;Õ¦ÜSê Ï¶Ð Û�Ñ3Ï­Õ¦Ð Ô
æCÒ3Õ/Ö/Ó$Ù·Ï­ÐCÝté¶ÕXÝXÔoë���ØoÛ¦éZ=LÑ3Ï­Ü.Ø ù�\ ] Ô
ß Û�ï¦Ø.ê�Ø;Ø;Ð¼æ é­Û¦Ý¦ÓCØWÖ ê~è
é­Û¦Ò3ÝXØ�é­Õ¦Ý
Ô3Ï�A;Ø¦ÚXßCÏ­Ý¦ß.ðóÛ�é©Ô3Ø�æ$ÕAÔ�Ï¶Ñ3Ï­ï¦Ø�Ò�Û®Ñ2ØoÔoÚXÛ�Ð$Ö.Ü¬Ï­Ü.Ï­Ù;Ò3è»êCÓ/Ñ
Ï¶Ð Ù;Ò3ØoÜ.Ø;ÐAÑ2Û¦é/Ï¶Ü.æCÒ2Õ®ï¦ØoÜ¬ØoÐAÑ2Ô�Û�Ò2Ø�Ï­Ð Ù;Ò3ØWÛ¦Ô3Ï¶ÐCÝ�Ñ3ß Ø;Ï­ÒfØ�B]ØoÙ�Ñ2Ï¶ïXØ�=
ÐCØoÔ2Ô�ðòÕ¦Ò�æ�ÕXÔ�Ñ,=|Ü.Õ¦Ò3Ñ3Ø;Ü ðòÕ¦Ò2Ø;Ð Ô3Ï­ÙoÔ;ë

�½� ä � � Ì�� ��Ü�Û�Ï­ÐAÑ2Û�Ï­Ð Û=é­Õ¦Ý0Õ¦ðnÙ·ÕXÜ.æCé¶Ø;Ñ3ØWÖ½Ñ2Ò2Û¦Ð Ô�=
Û¦Ù�Ñ2Ï¶ÕXÐ ÔíöóÛXÔtÞ	Øoé¶é
ÛXÔÉÛiYAÓCØoÓCØíÕ�ð.æ$ØoÐ Ö/Ï­ÐCÝ:Ü.Û¦Ï¶é ø{Ï­Ð Ù·é­Ó ÖG=
Ï¶ÐCÝ�Ô3Ø;Ð Ö/ØoÒsÛ¦Ð Ö½Ò2ØoÙ;Ï¶æ Ï¶ØoÐXÑ¼Û¦Ö Ö/Ò3ØWÔ3ÔoÚ.Ô�ÓCê ,FØoÙ�ÑsÑ3Ï¶Ñ3é­Ø¦Ú�Ö Û®Ñ3Ø
Û�Ð Ö Ñ2Ï¶Ü.Ø�Õ�ðÉÑ2Ò2Û¦Ð Ô3Ü¬Ï©Ô2Ô�Ï­Õ¦Ð5ÚtÛ�Ð$Ö Ô3ÏXAoØ0Õ�ð î é¶ØXë � å Õ¦ÜU=
Ü¬ÕXÐ:Ñ3ØWÔFÑ�Ô8Ï­Ð Ù·é­Ó Ö/ØXõsÑ3Õ�Ñ�Û�é>é¶ØoÐCÝ�Ñ2ß[Õ�ð-Ñ2Ï¶Ü.Ø�Ô3æ�Ø;ÐAÑnÒ2ØoÙ;Ø;Ï­ï =
Ï¶ÐCÝ'Û¦Ð Ö:Ô�ØoÐ Ö/Ï­ÐCÝ � Ü�Û¦Ï¶éEÛ¦Ð Ö�Ñ3ßCØ ÐAÓ ÜSê�Ø;Ò�Õ¦ð � Ü.Û¦Ï¶é©Ô�ê~è
Û�ÐtØ;ÐAÑ3Ï¶ÑFè�öóÕ¦Ò2ÝXÛ¦ÐCÏXAWÛ®Ñ2Ï¶ÕXÐ-F�ÝXÒ3ÕXÓCæ-F�Ï­Ð Ö/Ï­ï~Ï­ÖCÓ Û�é ø�ðòÕ¦ÒEæ$ØoÒ3Ï­Õ/ÖnÕ¦ð
Ñ3Ï­Ü¬ØôöMÖCÛ�è F�Þ�Ø;Øoç�F®Ü.Õ¦ÐAÑ3ß$ø·Ú5ÔFÑ2Ò2Û�Ñ3Ï¶ðòè � Ü�Û¦Ï¶éfê~èôÑ2Ï¶Ü.ØôöóÞ	ÕXÒ3ç
ßCÕ¦ÓCÒ�Ô�F�Õ�B-=|ßCÕ¦ÓCÒ�Ô�ø�Û�Ð$Ö�Ù;Õ¦Ü.Ü.Õ¦Ð�Û¦ÖCÖCÒ3ØWÔ3Ô3ØoÔoÚ>Ô�Ñ3Ò�Û®Ñ2Ï�ðòè�Ô�Ï�A;Ø
Û�Ð Ö ÑFèAæ�Ø�Õ�ðÉî é­Ø�Û®Ñ�Ñ�Û¦Ù�ßCÜ.ØoÐXÑ�Ô;ÚtÏ­ÐAÑ3Ø;Ò2Ð Û¦é{Û¦Ð Ö Ø;ûAÑ2Ø;Ò2Ð Û�é
� Ü�Û�Ï­éMÚCÛ¦Ð ÖnÏ­Ö/ØoÐAÑ3Ï¶ðòèAÏ­ÐCÝ�Ö/ÕXÒ3Ü�Û¦ÐXÑyÛXÙ;Ù·ÕXÓCÐAÑ2Ôoë

��È ��� È � ��È � � Ì�� ��æCÒ2Õ®ï~Ï­Ö/Ø'ðòØ;ØoÖCê Û¦Ù�ç�Õ¦Ð æ$ØoÒ�ðòÕXÒ,=
Ü.Û¦Ð Ù·ØXë KsØ;êCé­Õ¦ÝAÔ�æCÒ2Õ®ï~Ï­Ö/Ø�Ö/Ø·Ñ�Û�Ï­é¶ØWÖ[Ò3ØWÙ·ÕXÒ2ÖCÔ�Õ�ð
Ò2Ø�YAÓCØoÔ�Ñ2Ô
Ñ3Õ.Ñ3ß Ø-Þ	Øoê Ô�ØoÒ3ïXØ;Ò�Û�Ð$Ö{Ô�Ñ2Û�Ñ3Ï©ÔFÑ2Ï­ÙoÛ�é5Ï­Ð/ðòÕXÒ3Ü�Û®Ñ2Ï¶ÕXÐÉÛ�ê�Õ¦Ó/ÑyÐCØ;Ñ,=
Þ	ÕXÒ3çSÑ3Ò�ÛJW�Ù�ë`_�ßCØ�Þ	Øoê�é¶ÕXÝ
Ò3ØWÙ·ÕXÒ2Ö�Û�Ñ�Ñ3Ò2Ï­êCÓ/Ñ3ØWÔÃÏ­Ð Ù·é­Ó Ö/ØXõ�Ñ3ßCØ
Ô�ÕXÓCÒ2Ù;Ø ù ì[Û¦ÖCÖCÒ3ØWÔ3Ô�ðòÒ2Õ¦Ü�Þ�ßCÏ©Ù�ßôÛ�Ò3Ø*YAÓCØoÔ�ÑyÞ�ÛXÔ�Ý¦ØoÐCØ;Ò�Û®Ñ2ØoÖiÚ
Þ�ßCØ·Ñ2ßCØ;Ò-ÛnÒ3Ø*YXÓ ØoÔ�Ñ2Ô�Ï­Ô,Ô2Û®Ñ3Ï©Ô�î ØoÖiÚ5ÛnÓ Ô3Ø;Ò2Ï­Ö�Ö/Ø·Ñ2Ø;Ò2Ü.Ï¶ÐCØWÖôê~è
Ñ3ßCØ8ñ _�_�ì½Û�ÓCÑ3ßCØoÐXÑ2Ï­ÙoÛ®Ñ2Ï¶ÕXÐ5Ú�Û ÔFÑ�Û®Ñ3Ó$Ô
Ù·Õ/Ö/ØXÚUÛ¦Ð ÖsÑ3ß Ø8Ô�Ï�A;Ø
Õ�ð"Ñ2ßCØ-Õ¦ê ,FØoÙ�ÑyÒ2Ø·Ñ2ÓCÒ2ÐCØoÖnÞ�Ï�Ñ2ßtØoÛ¦Ù�ßtÔ2Û®Ñ3Ï©Ô�î ØoÖnÒ3Ø*YAÓCØoÔ�Ñoë

�nÊ â � � äó� � Ì �;� � Ì â�� � ã��®�/�oä Ì â � � Ì � Ì � Ì �
� � � � ��� � È � ��È � � Ì	� ��Ù;Û¦Ð8ê�Ø,Ó Ô�ØWÖ�Ñ2ÕSÑ2Ò2ÛXÙ�ç.ÓCÐCÏ YXÓ Ø ù ì
Û¦ÖCÖ/Ò2ØoÔ2ÔÃÛXÔ3Ô3Ï¶ÝXÐCÜ.Ø;ÐAÑ2ÔfÑ3Õ»ÖCØ;ï~Ï­Ù;ØoÔ	Û¦ÔUÑ2ßCØ;è ,FÕ¦Ï­Ð-F®é¶ØWÛ�ï¦ØyÛ-ÐCØ;Ñ,=
Þ	ÕXÒ3ç]ë \ ñ å ìíÔ3Ø;Ò2ï¦ØoÒ2Ô�Ü�Û�Ð Û¦Ý¦Ø�ÑFÞ	Õ,ÖCÛ�Ñ2Û�ê$Û¦Ô3ØoÔoõ�öF÷�øUÛ�Ð [EÖG=
Ö/Ò3ØWÔ3Ô�ìUÕ~ÕXé]Ö Û®Ñ2Û¦ê Û¦Ô3Ø>ðòÕ¦Ò�ßCÕXé­ÖCÏ¶ÐCÝ ù ì:ÛXÖCÖ/Ò2ØoÔ2Ô�ØWÔ�Û�Ð ÖnÕ�Ñ2ßCØ;Ò
ÐCØ·ÑFÞ�Õ¦Ò2çÉÙ·Õ¦ÐCî Ý¦ÓCÒ�Û®Ñ2Ï¶ÕXÐ ÔEÛ¦Ð Ö_öLú¦ø>Û �	Ï­Ð Ö/Ï­ÐCÝtÖCÛ®Ñ�Û�ê ÛXÔ�ØSðòÕ¦Ò
Ü.Û¦æCæCÏ­ÐCÝXÔ>ê�Ø·ÑFÞ�Ø;ØoÐ � Ñ3ßCØoÒ3ÐCØ;Ñ
Û¦ÖCÖ/Ò2ØoÔ2Ô3ØoÔ>Û�Ð ÖsÛ�Ð�Ø;ÐAÑ3Ò2èÉÏ¶Ð
Ñ3ßCØo[�ÖCÖ/Ò2ØoÔ2ÔÃìUÕ~Õ¦éLë�_�ßCÕXÓCÝ¦ß.ê�ØoÔ�ÑÃçAÐ Õ®Þ�Ð»ðòÕXÒÃÛ¦Ô2Ô�Ï­Ý¦Ð Ï¶ÐCÝ-Ö/è =
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Ð$Û�Ü.Ï­Ù ù ì:ÛXÖCÖ/Ò2ØoÔ2Ô�ØWÔ;Ú \ ñ å ì[ÙoÛ�ÐÉÛ�é©Ô�Õ�ÛXÔ3Ô3Ï¶ÝXÐ{Û�ÖCØoÖ/Ï©Ù;Û�Ñ3ØoÖ
Ô�Ñ2Û�Ñ3Ï©ÙSÛXÖCÖ/Ò2ØoÔ2Ô�ðòÕ¦Ò>Û8Ö/Øoï~Ï­Ù;Ø
Ñ3ß$Û®Ñ,Ò3ØS=C,FÕXÏ¶Ð Ôoë C Ð Û8ÐCØ·ÑFÞ�Õ¦Ò2ç
Ñ2ß Û®Ñ
Ó$Ô�ØWÔ \ ñ å ì�Þ�Ï�Ñ2ßíÖCèAÐ$Û�Ü.Ï­Ù.ÛXÖCÖ/Ò2ØoÔ2Ô�ØWÔ;ÚiÜ�Û�Ï­ÐAÑ2Û¦Ï¶ÐCÏ­ÐCÝ
Ûté­Õ¦ÝÉÏ©Ô
Û¦ê Ô�ÕXé¶ÓCÑ3Ø;é­è Ð ØoÙ·ØWÔ3Ô2Û�Ò2èÉÑ2ÕÉê$Ø8Û¦êCé­Ø.Ñ3ÕÉðòÕXÒ3ØoÐ Ô�Ï©Ù;Û¦é¶é­è
ÛXÔ3Ô3Õ/Ù·Ï©Û®Ñ2Ø�Ö/è~Ð Û¦Ü¬Ï©Ù;Û¦é¶é­è�Ù�ß Û¦ÐCÝ¦Ï­ÐCÝ ù ì:ÛXÖCÖ/Ò2ØoÔ2Ô�ØWÔÃÑ2Õ¬Ô3æ$ØWÙ·Ï¶î$Ù
ÖCØ;ï~Ï­Ù;ØoÔ�F�Ï­ÐAÑ3Ø;Ò3ðóÛ¦Ù;ØoÔoë

�5�X� â�â ä â � � Ì	� �ôðòÕXÒÉÖ/Ø·ðòØoÐ Ô�Ï­ï¦ØsæCÓCÒ2æ�ÕXÔ3ØoÔ{Û�Ò2Ø�Ó Ô3ØoÖ
Ñ2ÕSæ�Ø;Ò3ðòÕ¦Ò2Ü Ò3Ï©Ô3ç¬Ü�Û¦Ð Û�ÝXØ;Ü.Ø;ÐAÑ	ê~è.Ñ2Ò2ÛXÙ�çAÏ­ÐCÝ
ï~ÓCé­ÐCØoÒ2Û¦êCÏ¶é­Ï¶Ñ3Ï­ØoÔ
Û¦Ð Ö ÐCÕ�Ñ2Ï�ðòè~Ï­ÐCÝ�Ô�è/Ô�Ñ3Ø;Ü Û¦Ö/Ü.Ï­ÐCÏ­Ô�Ñ3Ò�Û®Ñ2Õ¦Ò�Ô�Û¦ê$ÕXÓ/Ñ'æ�Õ�Ñ3ØoÐAÑ3Ï©Û�é
Ø;û/æCé¶ÕXÏ�Ñ�Ô�Û¦Ð Ö
æ$Û®Ñ2Ù�ß ØoÔ"Ñ3ß Û�ÑUÐ Ø;ØoÖ
Ñ3Õ>ê$Ø�Ï­Ð ÔFÑ�Û�é­é¶ØWÖië�ñEÕ®Þ	Øoï¦ØoÒoÚ
Ô2Ù;Û¦ÐCÐCØoÒ2Ô:Û�Ò2Ø�Û�é©Ô�Õ Ñ2ßCØ½Ò2ØoÙ·ÕXÐCÐ Û¦Ï­Ô2Ô3Û¦Ð Ù·Ø=Ñ3Õ~ÕXéÉÕ�ð¼Ù�ßCÕ¦Ï©Ù·Ø
ðòÕXÒÉÛ®Ñ�Ñ�Û¦Ù�çXØ;Ò�Ô�Ñ3Õ7Ï©Ö/Ø;ÐAÑ3Ï¶ðòè[Ñ�Û�Ò2Ý¦Ø·Ñ ù ì�ÛXÖCÖ/Ò2ØoÔ2Ô�ØWÔ;Ú>Ô�ØoÒ3ïXØ;Ò�Ô;Ú
ÕXæ$ØoÒ2Û�Ñ3Ï­ÐCÝnÔ3è/ÔFÑ2Ø;Ü�ÔoÚ"Û�Ð Ö�æ�Õ¦Ò3Ñ2Ôoë å ÓCÒ2Ò3ØoÐAÑ3é­ètÑ3ßCØ¬ðòÕ¦Ó Ò-æ$ÕXÒ�Ñ
Ô2Ù;Û¦ÐCÐCÏ­ÐCÝyÑ2Õ~Õ¦é©Ô5Ñ2ß Û®ÑÃÔ�Ñ2Û�Ð$Ö
Õ¦ÓCÑUÛ¦Ò3Ø	ÐCÜ�Û�æ5Ú®ÐCØWÔ3Ô3Ó ÔoÚ ] [ ù�� _,Ú
Û¦Ð Ö8Ñ3ßCØ ù,]�] Ô2Ù;Û¦ÐCÐCØ;ÒWë

C Ñ2ßCØ;ÒsÓ Ô3Ø·ðòÓCé.æCÒ2Õ¦æCÒ2Ï­Ø·Ñ2Û¦Ò3è=é¶ÕXÝXÔôÑ3Õ~Õ=Ô3æ$ØWÙ·Ï¶î$Ù_Ñ3Õ=ÖCØ�=
Ô2Ù·Ò2Ï­ê$Ø�ßCØoÒ3Ø8Ï¶Ð Ù;é¶Ó$Ö/Ø Ì 
	È �®�/�Wä â � � Ê �;� È � � È � â È � � Ì�� �¦Ú
� Ì ã"� È �8�;�®� 
 ����Û�Ð$Ö � 
*
 �óäó�X�/�oä Ì â � Ì�� � Ë �/� È � Ì	� �Xë ��Ï­Ý�=
Ó Ò3Ø>÷�Ô�ßCÕ®ÞyÔ�Û,Ö/Ï©ÔFÑ2Ò3Ï­êCÓ/Ñ2Ï¶ÕXÐ»Õ¦ð�Ô3ØoÙ·Ó Ò3Ï¶ÑFè-Ò3Øoé¶Øoï®Û�ÐAÑUÛ�Ñ�Ñ2Ò3Ï­êCÓ/Ñ2ØoÔ
ÛXÙ·Ò2ÕXÔ2Ô»ÛsÔ3Ø;é­ØoÙ�Ñ2Ï¶ÕXÐ�Õ¦ð�é­Õ¦ÝAÔ{öMÛ�é¶Ñ3ßCÕXÓCÝ¦ß_Ñ3ßCØÉÏ­Ð Ö/Ï­ï~Ï­ÖCÓ Û�éyÛ�Ñ,=
Ñ2Ò3Ï­êCÓ/Ñ2ØoÔ�Û�Ò2Ø,Ñ3Õ~Õ8Ô3Ü.Û¦é¶é"Ñ3Õ�ê�Ø
Ò2ØoÛXÖCÛ�êCé­ØWø·ë ] Õ¦Ü.Ø-Õ�ðfÑ2ßCØSÛ�Ñ,=
Ñ2Ò3Ï­êCÓ/Ñ2ØoÔ,Ü�Û�èÉÏ­ÐCÏ�Ñ2Ï­Û¦é¶é­è Û¦æCæ$ØWÛ�Ò,Ò2ØoÖ/ÓCÐ$ÖCÛ�ÐAÑ-Ô�Ï­Ð Ù·Ø¬Ñ2ßCØ;è Û¦Ò3Ø
Ù;Õ¦ÐAÑ2Û¦Ï¶Ð ØoÖ'Ï­Ð7ÜSÓCé¶Ñ3Ï­æCé­ØÉé¶ÕXÝXÔ¬êCÓ/Ñ�Ñ2ßCÏ­Ô.Õ®ïXØ;Ò2é­Û¦æ'Ï©Ô.ïAÏ¶Ñ2Û¦é�Ñ3Õ
ØoÐ Û�ê é¶Ø,Ø;ïXØ;ÐAÑyÙ·ÕXÒ3Ò2Ø;é©Û®Ñ2Ï¶ÕXÐ8ê�Ø·ÑFÞ�Ø;Ø;Ð{é­Õ¦ÝXÔoë

��Ï­Ý¦ÓCÒ2Øôú Ï©Ô�Ûsé­Õ¦Ý¦Ï©Ù;Û¦é�Ö/Ï­Û¦Ý¦Ò�Û�Ü Õ¦ð>Û¼Ù·ØoÐAÑ3Ò�Û�é­ÏXAoØoÖ_Û¦æ =
æ Ò3ÕAÛ¦Ù�ß¬Ñ3Õ»Ñ3ßCØ>ÖCÛ®Ñ�Û
Ü�Û�Ð$Û�Ý¦ØoÜ.Ø;ÐAÑ	æCÒ2Õ¦ê é¶ØoÜ Ô3æ$ØWÙ·Ï¶î$ÙEÑ3Õ
Ñ2ßCØ
Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò�ÐCØ;ÑFÞ	ÕXÒ3ç¼Ô3ØoÙ;ÓCÒ3Ï¶ÑFè_Ö/ÕXÜ�Û�Ï­Ð5ë \ Û®Ñ�ÛsÏ¶Ð:ÜSÓ é�Ñ2Ï¶æCé­Ø
ÑFè~æ�ØoÔnÕ�ðSé­Õ¦ÝAÔ�Ü�Û�è:ê$ØsÒ2Ø·Ñ3Ò2Ï­Ø;ï¦ØWÖ[ê~è[Û_Ù·ØoÐAÑ3Ò�Û�é­ÏXAoØoÖwÖCÛ�Ñ2Û
Ü.Ï­ÐCÏ­ÐCÝ8Û�æ æCé¶Ï©Ù;Û�Ñ3Ï­Õ¦ÐÉÕ®ïXØ;Ò�Ñ2ßCØSÐCØ;ÑFÞ	ÕXÒ3ç]ë�_�ßCØ-Ñ2Ï¶Ü.Ø¬Ö/Ï¶Ü.ØoÐ =
Ô3Ï­Õ¦ÐíÏ­Ô
Ï¶Ü.æCé­Ï­Ù;Ï�Ñ2é¶èíÔ3ßCÕ®Þ�ÐíÞ�Ï�Ñ2ß¼ÜSÓCé¶Ñ3Ï­æCé­Ø�é¶ÕXÝXÔ-Ó Ð Ö/Ø;ÒSØoÛ¦Ù�ß
é­Õ¦ÝtÑFè~æ�Ø ö �Eù�\ ] Ï­ÔSÓ Ô�ØWÖ¼Û¦Ô
Û¦Ð¼Ø·ûCÛ�Ü.æCé­ØWø·ÚUÞ�Ï�Ñ2ß¼ØoÛ¦Ù�ßíé­Õ¦Ý
Ù;Õ¦ÐAÑ2Û¦Ï¶Ð Ï¶ÐCÝ.ÖCÛ�Ñ2Û»ðòÒ3ÕXÜ�Û.Ö/Ø;î ÐCØoÖnÑ2Ï¶Ü.Ø-æ�Ø;Ò2Ï¶Õ/Öië

� � � �5� � á � � � �/�W� �½� â � �$È �'È â ��� �	Ì ���o�
ù Ð [EÓCÝ¦Ó Ô�Ñ>ú K KXúCÚ � å ] [½Ø;ÜSê$Û�Ò2ç¦ØoÖnÕ¦ÐÉÛ�ÖCÛ�Ñ2Û.Ü.Ï­ÐCÏ¶Ð Ý.ðòÕ¦Ò
Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò�ÐCØ·ÑFÞ�Õ¦Ò2çnÔ3ØoÙ;ÓCÒ3Ï¶ÑFè8æ Ò3Õ ,FØoÙ�Ñ�Ð Û�Ü.ØoÖ ]/ù �@_ ö ] ØoÙ;Ó =
Ò2Ï¶ÑFè ù Ð Ù·Ï©Ö/Ø;ÐAÑ �CÓ$Ô�Ï­Õ¦Ð _"Õ~ÕXé­Ô�ø�ëU_�ßCØ.Ý¦ÕXÛ¦éUÕ�ðÃÑ2ßCØ�æCÒ2Õ5,FØoÙ·Ñ>Ï©Ô
Ñ2ÕôðòÓ Ô3ØnÑ3Õ¦ÝXØ·Ñ2ßCØ;Ò¬Ü�Û�Ð~èíÕ�ðyÑ2ßCØ{Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò¬ÐCØ·ÑFÞ�Õ¦Ò2çíÛ�Ó Ö/Ï¶Ñ
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� 	Mà � È â �;�®� �óä�� È Í � �/�W����� È â �o��� �óä�� È Í � � Ì � È �W�Wä â �
��Ï­Ý¦Ó Ò3Ø ; ÝXÏ¶ïXØoÔ7Û�Ð Õ®ïXØ;Ò2ï~Ï¶ØoÞQÕ¦ð�Û�Ð�Û�Ò�Ù�ßCÏ¶Ñ3ØoÙ·Ñ3ÓCÒ2Ø[Ñ2ß Û®Ñ
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Ø·ûCÛ�Ü.æCé­Ø¦ÚAÞ�ßCØ;Ð{Û�Ð8Û¦ÐCÕ¦Ü�Û¦é¶è¬Ï­Ô�Ö/Ø;Ñ3ØoÙ·Ñ3ØWÖ�ðòÒ2Õ¦Ü Ü.Ï¶ÐCÏ­ÐCÝSÑ3ßCØ
Ô�è/Ô�Ñ3Ø;Ü ÙoÛ�é­é-Û¦Ù�Ñ2Ï¶ï~Ï¶Ñ3Ï­ØoÔoÚyÑ2ßCØ ù�\ ] Ô�è/Ô�Ñ3ØoÜ Ù;Û�Ð YAÓCØ;Ò2è7Ñ3ßCØ
Û¦Ù�Ñ2Ï¶ï~Ï¶ÑFè¬Ö Û®Ñ2Û¦ê Û¦Ô3Ø�Ñ2Õ»Ô3Ø;ØEÏ¶ðiÑ3ß Ø;Ò2ØEÏ©Ô	Û¦ÐAè.Û�ê ÐCÕ¦Ò2Ü�Û�é ê�Ø;ß$Û�ï =
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Ü.Ï­ÐCÏ­ÐCÝ�Ñ3ØWÙ�ßCÐCÏ YAÓCØoÔ�Û�Ò2Ø-ÐCØoÙ;ØoÔ2Ô3Û¦Ò3è�Ñ2Õ8Û�Ð$Û�é­è AoØ-Õ¦ÐCé­è{Ò3ØWÙ·Ø;ÐAÑ
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Ñ2Ï¶ï~Ï¶ÑFè8é­Õ¦ÝAÔ;ë [�Ù�Ñ3Ï­ï~Ï�ÑFèné¶ÕXÝXÔ�Ù;Õ¦Ð Ô3Ï­Ô�Ñ�Õ�ð�Ñ3Ï­Ü.ØSÔ�Ø*YAÓCØ;Ð Ù;Ø-ÖCÛ®Ñ�ÛCë
� Û¦Ù�ß¬Û¦Ù�Ñ2Ï¶ï~Ï¶ÑFè
� ÔUÙ·ÕXÐAÑ3Ò2Ï¶êCÓCÑ3Ï­Õ¦Ð»Ñ3Õ>Ñ3ßCØ�Ü.Õ/Ö/Ø;é/ÕXÒUÑ3ßCØ�Ò2ÓCé­Ø�ÖCØ�=
ÙoÛ�è/Ô�Þ�Ï�Ñ2ßtÑ3Ï­Ü¬Ønöòé©Û¦Ô�Ñyè¦ØoÛ¦Ò	� Ô�Û¦Ù·Ñ3Ï­ï~Ï�Ñ2Ï¶ØWÔyÛ�Ò2Ø-é¶ØWÔ3ÔyÏ¶Ü.æ�Õ¦Ò3Ñ2Û�ÐAÑ
Ñ2ß Û�Ð¬Ñ2ßCÏ­Ô�è¦ØWÛ�Ò�� ÔfÛXÙ�Ñ3Ï­ï~Ï�Ñ2Ï¶ØWÔ2ø·ë`_�ßCØ;Ò2Ø·ðòÕXÒ3ØXÚ�Õ¦é©Ö�Û¦Ù·Ñ3Ï­ïAÏ¶Ñ3Ï­ØoÔ�Ù;Û�Ð
ê�Ø�Û�Ò�Ù�ßCÏ­ï¦ØoÖ
Ñ3Õ-Ô3ØoÙ·ÕXÐ ÖCÛ¦Ò3è
Ô�Ñ3ÕXÒ2Û¦Ý¦ØÃÑ2Õ,Ò3ØWÖ/Ó Ù·Ø�Ñ2ßCØyÖCÛ®Ñ�Û�ê ÛXÔ�Ø
Ô3Ï�A;Ø-Û�Ð ÖnÏ­Ü¬æ Ò3Õ®ïXØ>Ü.Ï­ÐCÏ­ÐCÝ.æ$ØoÒ�ðòÕXÒ3Ü�Û�Ð$Ù·Ø¦ë

� 	 � � äM�;�o�®äò�Uã"� È Í � �/�W����� È â �o��� �óä�� È Í � � Ì � È �W�oä â �
�"ØoÛ�ï~Ï­ÐCÝtÒ2Û�Þ ÖCÛ®Ñ�ÛtÏ¶Ð¼Ï¶Ñ2ÔSÐ Û®Ñ2Ï¶ïXØ�ðòÕ¦Ò2Ü�Û®ÑSÛ¦Ð ÖíÕ¦Ò2Ï¶ÝXÏ¶Ð$Û�éfé­Õ�=
ÙoÛ®Ñ2Ï¶ÕXÐ{Û¦é¶é­Õ®ÞyÔ�ÖCÛ®Ñ�ÛSÑ2Õ.Ò3Ø;Ñ2Û�Ï­ÐnÑ3ßCØ-ßCÏ­Ý¦ß ØoÔ�ÑyÒ3ØWÔ�ÕXé¶Ó/Ñ2Ï¶ÕXÐ8Þ�Ï¶Ñ3ß
Û¦é¶é�Ï¶Ñ2Ô,Û®Ñ3Ñ3Ò2Ï¶êCÓCÑ3ØoÔ�Þ�Ï¶Ñ3ßCÕXÓ/Ñ,Ô3ÓCÜ.Ü�Û�Ò2ÏXAWÛ®Ñ2Ï¶ÕXÐôÕ¦Ò>Õ�Ñ2ßCØ;Ò>é¶ÕAÔ3Ô3è
Ù;Õ¦Ü.æCÒ2ØoÔ2Ô�Ï­Õ¦Ð»Ñ3Õ¬Ô�ß Ò3Ï­ÐCç»Ô3Ï�A;Ø¦ë`_�ßCÏ©ÔÃÏ©ÔÃØWÔ�æ�ØoÙ;Ï­Û¦é¶é­è¬Ï¶Ü.æ�Õ¦Ò3Ñ2Û�ÐAÑ
ðòÕXÒ�Ù;Õ¦Ü.æCÓ/Ñ2Ø;Ò�ÐCØ;ÑFÞ	ÕXÒ3ç�Ô3ØoÙ·Ó Ò3Ï¶ÑFè.Þ�ßCÏ­Ù�ßnÒ3Ø*YAÓCÏ¶Ò2ØoÔ�Û � Ø·û/Ï­êCÏ¶éX=
Ï¶ÑFèíÑ3ÕíÛ¦Ô3ç¼ß Û¦Ò2ÖíÑ2Õ¼Û�ÐAÑ3Ï©Ù·Ï­æ Û®Ñ2Ø �3Þ�ß Û®Ñ.Ï�ð � YAÓCØWÔFÑ2Ï¶ÕXÐ Ô.Û�Ð Ö
ÖCØ;æ�Ø;Ð ÖnÕ¦ÐnÒ2Û¦Ò3ØyØoï¦ØoÐXÑ�Ô	Ñ3ß Û�Ñ�Ü�Û�è�ê�Ø�é­ÕXÔ�Ñ�ï~Ï©Û»Ô3ÓCÜ.Ü�Û�Ò2ÏXAWÛJ=
Ñ2Ï¶ÕXÐnÕXÒyÙ·ÕXÜ¬æ Ò3ØWÔ3Ô3Ï¶ÕXÐ5ë

[�ÖCÖ/Ï¶Ñ3Ï­Õ¦Ð Û¦é"Û¦Ö/ï®Û¦ÐXÑ�Û�ÝXØoÔ�Þ�Ï�Ñ2ßtÐCÕ�ÑyÜ.Õ®ï~Ï¶Ð Ý»Ò�Û�Þ=Ô3Õ¦ÓCÒ�Ù·Ø
Ö Û®Ñ2Û8ðòÒ2Õ¦Ü Þ�ßCØoÒ3Ø¬Ï�Ñ
Þ�Û¦Ô�Ï­ÐCÏ�Ñ2Ï­Û¦é¶é­è Ù;Ò3ØWÛ®Ñ3ØWÖ Û¦Ð Ö é­ØoÛ�ï~Ï­ÐCÝ8Ï¶Ñ
Ï­Ð.Ï�Ñ�ÔfÐ Û�Ñ3Ï­ï¦Ø�ðòÕ¦Ò2Ü�Û®ÑfÏ­Ð Ù·é­Ó Ö/ØXõ�ö�÷Wø�Ø;é­Ï­Ü¬Ï­Ð Û�Ñ3ØoÔÃÏ¶ÐAÑ3ØoÒ3Ü.ØWÖ/Ï­Û�Ñ3Ø
Ò2ØoÖCÓCÐ ÖCÛ¦ÐXÑ¬ÔFÑ2Õ¦Ò�Û�Ý¦Ø�Û¦Ð Ö¼ÖCÛ®Ñ�ÛôÙ·ÕXÐ Ô3Ï­Ô�Ñ3ØoÐ Ù·èsæCÒ2Õ¦êCé­Ø;Ü�ÔoÚ�öLú¦ø
Ö Û®Ñ2ÛSÑ3ß$Û®ÑyÏ©Ô	Ð Õ�ÑyÐCØoØoÖ/ØWÖ�ðòÕXÒ�æ Ò3Õ/Ù·ØWÔ3Ô3Ï­ÐCÝ¬ÖCÕAØWÔ�ÐCÕ�Ñ�ÐCØoØoÖ8Ñ3Õ
ê�ØÉÜ.Õ®ï¦ØWÖ_ÕXÒ�Ò3Ø;ðòÕ¦Ò2Ü.Û�Ñ�Ñ2ØoÖiÚ�Û�Ð Ö�öMüXø»Ñ3ß ØÉÒ3ØWÔ�æ�Õ¦Ð Ô3Ï­êCÏ¶é­Ï¶Ñ3Ï­ØoÔ
ðòÕXÒ�ÖCÛ®Ñ�ÛsÙ;Õ¦é­é¶ØWÙ�Ñ2Ï¶ÕXÐ7Û¦Ð Ö_Ò2Ø·Ñ2Ò3Ï­Ø;ï®Û¦é�ÙoÛ�Ð7ê$ØÉÖ/ØWÙ·ÕXÓCæCé­ØoÖ_ðòÕ¦Ò
ÕXÒ3ÝAÛ�ÐCÏ�AoÛ�Ñ3Ï­Õ¦Ð>Õ¦Ò�Ñ3ØWÙ�ßCÐCÏ©Ù;Û�éXØ�W�Ù·Ï­Ø;Ð$Ù·Ï­ØoÔoë�_�ßCØ�Ö/Ï­Ô2Û¦ÖCï�Û¦ÐAÑ2Û�ÝXØoÔ
Õ¦ð	çXØ;Ø;æ Ï¶ÐCÝ{Ò�Û�Þ�Ô�ÕXÓCÒ�Ù·Ø.ÖCÛ®Ñ�ÛnÏ­ÐsÏ�Ñ�Ô,Õ¦Ò2Ï¶ÝXÏ¶Ð Û¦éUé¶Õ/Ù;Û�Ñ3Ï­Õ¦ÐíÛ�Ò2Ø¦õ
ö�÷WøfÖCØoÙ·ÕXÓCæCé­Ï¶Ð Ý
Ù·Õ¦é­é­ØoÙ�Ñ2Ï¶ÕXÐ�Û�Ð Ö¬Ò2Ø·Ñ3Ò2Ï­Ø;ï®Û�éCÜ.ØWÛ�Ð ÔUÑ2ß Û®Ñ	Þ�ßCØ;Ð
Ö Û®Ñ2ÛíÏ©Ô�Øoï¦ØoÐXÑ2Ó Û�é­é­è_Ò2Ø·Ñ3Ò2Ï­Ø;ï¦ØWÖ�ðòÕ¦ÒnÖ Û®Ñ2ÛíÜ.Ï­ÐCÏ­ÐCÝ ÚEÖCØ·Ñ2Û¦Ï¶é­ØoÖ
ç~ÐCÕ®Þ�é­ØoÖCÝ¦Ø,Õ�ðfÔFÑ2Õ¦Ò�Û�ÝXØ>é­Õ¦ÝXÏ­Ô�Ñ3Ï©Ù;ÔyÏ­Ô�Ò2Ø�YAÓCÏ­Ò2ØoÖiÚ"öLú¦ø�ØWÛ¦Ù�ßtÐCØoÞ
ß Ï¶ÝXß =Lé­Ø;ïXØ;é YAÓCØoÒ3è7Þ�Ï­é¶é>Ò3Ø*YAÓCÏ¶Ò2Ø Û_ÐCØ;Þ-Ú�æ�Õ�Ñ2Ø;ÐAÑ3Ï©Û�é­é¶è:ß~ÓCÝXØ¦Ú
Ö Û®Ñ2Û�Ò2Ø·Ñ3Ò2Ï­Ø;ï®Û�é�öóÙoÛ¦Ù�ßCÏ­ÐCÝ:Ö/Õ~ØoÔ{Ü�Û�è[ÐCÕ�ÑÉßCØoé¶æ�Þ�Ï¶Ñ3ß�Ô�Ó Ù�ß
é©Û�Ò2Ý¦Ø-é­Õ¦Ý�Ô3Ï�A;ØoÔ�øyÛ¦Ð Ö¼öóüAø�Ñ3ß Ø;Ò2ØSÏ©Ôyé­ØoÔ2Ô�ðóÛ�Ó é�Ñ)=MÑ2Õ¦é­Ø;Ò�Û�Ð Ù;Ø
Ö/ÓCØ
Ñ2ÕEé©Û¦Ù�ç>Õ�ð Ò2ØoÖCÓCÐ ÖCÛ¦ÐXÑ�Ï¶ÐAÑ3ØoÒ3Ü.ØWÖ/Ï­Û�Ñ3Ø�ÔFÑ2Õ¦Ò�Û�Ý¦Ø	Û�Ð Ö,Ñ2ß~Ó Ô"Ü.ÕXÒ3Ø



Ö/Ø;æ�Ø;Ð ÖCØ;Ð Ù;Ø-Õ¦ÐtÔ�è/Ô�Ñ3Ø;Ü�ê Û¦Ù�ç~ÓCæ$Ô;ë

� 	 � 	Mà �½äMÍ�Í*� ÈAË �C� È � È Í�äó�C�oä Ì â K[ßCØoÐ»Ñ2Ò3è~Ï­ÐCÝ,Ñ3Õ-Ï­Ð =
Ù·Õ¦Ò2æ�Õ¦Ò�Û®Ñ3Ø�é©Û�Ò2Ý¦ØyÛ¦Ü.Õ¦ÓCÐAÑ2Ô�Õ�ð"ÖCÛ�Ñ2Û Ú�ðòÒ2Õ¦Ü ÜSÓCé¶Ñ3Ï­æCé­Ø�Ô3Õ¦ÓCÒ�Ù·ØWÔ;Ú
ðòÕ¦Ò.ÛôæCÒ2Õ/Ù·ØoÔ2Ô3Ï¶ÐCÝôÑ2Û¦Ô3çíé¶Ï­ç¦ØtÖCÛ�Ñ2ÛôÜ.Ï­ÐCÏ­ÐCÝ ÚÃÏ¶Ñ�Ù;Û�Ð_ê$Ø{ï¦ØoÒ3è
Ö/ÏZW�Ù;ÓCé�Ñ{Ñ3Õ�Ý¦Ø;ÑnÑ2ßCØ�ÖCÛ�Ñ2Û_è¦Õ¦Ó0ÐCØ;ØWÖ[Þ�ßCØ;Ð=è¦ÕXÓwÐCØ;ØWÖ[Ï¶Ñoë
C ÐCØ�Û�æCæCÒ2ÕXÛXÙ�ß � å ] [ Ï©Ô>Ñ2Û�ç~Ï­ÐCÝÉÓ Ô3ØoÔ �¦Ü¬Ï©ÖCÖ/é­Ø;Þ�Û�Ò2Ø��nÜ.Ø�=
Ö/Ï­Û�Ñ3Ï­Õ¦ÐíÛ¦Ô-ÛnÜ.ØoÛ�Ð$Ô>Ñ3ÕÉÛ¦ÙoÙ·ØoÔ2Ô-Ô3Õ¦ÓCÒ�Ù·Ø.ÖCÛ®Ñ�Û8Ò2Ø;Ü�Û¦Ï¶ÐCÏ­ÐCÝÉÛ®Ñ
Ï�Ñ�Ôfæ$ÕXÏ¶ÐAÑ�Õ¦ð�ÕXÒ3Ï­Ý¦Ï­Ð Û�Ñ3Ï­Õ¦Ð-( �
*Lë@K�ØEÓ Ô�Ø�Ñ2ßCØ�Ñ2Ø;Ò2Ü Ü.Ï©ÖCÖ/é­Ø;Þ�Û�Ò2Ø
Ñ3Õ
Ö/ØWÔ3Ù;Ò3Ï­ê$Ø�Û-Ô�Õ¦ð ÑFÞ�Û¦Ò3Ø�é©Û�è¦Ø;ÒfÏ­Ð�ê�Ø·ÑFÞ�Ø;Ø;Ð�Û¦æCæCé­Ï­ÙoÛ®Ñ2Ï¶ÕXÐ ÔÃÛ�Ð$Ö
ÐCØ·ÑFÞ�Õ¦Ò2ç_Ò2ØoÔ3Õ¦ÓCÒ�Ù·ØWÔ;Ú�Ô3æ$ØWÙ·Ï¶î$Ù;Û¦é¶é­è�Ô�Ñ3ÕXÒ2Û¦Ý¦Ø¦ë å Õ¦Ð$Ù·Ø;æCÑ3Ó Û¦é¶é­è¦Ú
Ü¬Ï©ÖCÖ/é­Ø;Þ�Û�Ò2Ø8ÛXÙ�Ñ2Ô»Û Ù;Ø;ÐAÑ3Ò�Û�é­ÏXAoØoÖíÜ�Û�Ð$Û�Ý¦ØoÒ
Ü.ØoÖ/Ï©Û®Ñ2Ï¶Ð Ý�Û�Ð$Ö
Ö/Ï­Ô2Û¦Ô2Ô3Õ~Ù;Ï­Û�Ñ3Ï­ÐCÝ,ÖCÛ®Ñ�Û,æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝ�ðòÒ3ÕXÜ ÖCÛ�Ñ2Û-Ù·ÕXé¶é­ØoÙ·Ñ3Ï­Õ¦Ð H
ðóÛJ=
Ù·Ï­é¶Ï¶Ñ2Û�Ñ3Ï­ÐCÝ-ÓCÐCÏ¶ðòÕ¦Ò2Ü ÛXÙ;Ù;ØoÔ2Ô�Ñ3Õ-ßCØ;Ñ3Ø;Ò2Õ¦ÝXØ;ÐCØoÕ¦Ó ÔUé­Õ¦ÝAÔUê Û¦Ô3ØoÖ¬ÕXÐ
Û®Ñ�Ñ2Ò3Ï­êCÓ/Ñ2ØoÔ¬Ò�Û®Ñ3ß Ø;Ò
Ñ2ß Û�Ð_î é­Ø;Ð Û¦Ü¬ØWÔ¬Õ¦Ò¬æCß~è~Ô3Ï©Ù;Û�é�é­Õ~ÙoÛ®Ñ2Ï¶ÕXÐ Ô;ë
_�ßCÏ­Ô�Û¦æCæCÒ2ÕXÛ¦Ù�ß8ê$ØoÐCØ·îCÑ�Ô�ÖCÛ®Ñ�ÛSÜ�Û�Ð$Û�Ý¦ØoÜ.Ø;ÐAÑ�Ï­Ð�Ñ2ßCØ>ðòÕ¦é­é¶Õ®Þp=
Ï¶ÐCÝ.Þ�Û�è/Ô;õ

Û�ê$ÔFÑ2Ò2ÛXÙ�Ñ3Ï­ÐCÝ»Ñ3ßCØ
Ö Û®Ñ2Û
��Ô�Ï­ÐCÝ�Û»Ü¬Ï©ÖCÖ/é­Ø;Þ�Û�Ò2Ø,Û�æCæCÒ2ÕXÛXÙ�ß�Ñ3Õ�ÖCÛ�Ñ2Û¬Û¦ÙoÙ·ØoÔ2Ô�Û�é­é¶Õ®ÞyÔ

ÖCÛ®Ñ�ÛôÙ·ÕXé¶é­ØoÙ·Ñ3Ï­Õ¦Ð'Ö/Ø;Ñ2Û�Ï­é©Ô
Ñ2Õ ê�ØnÛ�ê$ÔFÑ2Ò2ÛXÙ�Ñ3ØWÖsðòÒ3ÕXÜ Ñ2ßCØnÖ Û®Ñ2Û
æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝ�Ñ2ÛXÔ�ç öMÖCÛ®Ñ�Û�Ü.Ï¶ÐCÏ­ÐCÝ�Û¦æCæCé­Ï­ÙoÛ®Ñ2Ï¶ÕXÐ$øíÔ�Ó$Ù�ß�Ñ2ß Û®Ñ
ßCÏ¶ÝXß =|é¶Øoï¦Ø;é"Ò3Ø*YXÓ ØoÔ�Ñ2ÔyÛ¦Ò3Ø-Ñ2Ò2Û¦Ð Ô3æ Û�Ò2Ø;ÐAÑ3é­è�Ñ2Ò2Û¦Ð Ô�é©Û®Ñ2ØoÖ{Ñ2Õ�é¶Õ®Þp=
é¶Øoï¦Ø;éUî$é¶Ø�Û¦ÙoÙ·ØWÔ3Ô,ÕXæ$ØoÒ2Û�Ñ3Ï­Õ¦Ð ÔoëU[�Ô
Ô3ßCÕ®Þ�Ð Ï­Ð ��Ï­Ý¦Ó Ò3Ø3�/Ú5Ñ3ßCØ
Û�æCæCé­Ï©Ù;Û®Ñ2Ï¶ÕXÐ ÖCÕAØWÔíÐCÕ�Ñ¼ß Û�ïXØ7ÖCÏ¶Ò2ØoÙ·Ñ_Û¦Ù;Ù;ØoÔ2Ô�Ñ3Õ�Ñ3ßCØwÖ Û®Ñ2Û
ÑFèAæ�ØoÔoë _�Õ0Ò2Ø·Ñ2Ò3Ï­Ø;ïXØ'ÖCÛ®Ñ�ÛCÚ¬Û�Ð½ÕXæ$ØoÒ2Û�Ñ3Õ¦Ò Õ¦Ò�Û¦æCæCé­Ï­ÙoÛ®Ñ2Ï¶ÕXÐ
Ü.Û¦ç¦ØWÔ8Û'ß Ï¶ÝXß =Lé­Ø;ïXØ;é YXÓ Ø;Ò2è_Ñ2Õ'Ñ3ß Ø�Ü.Ï©ÖCÖ/é­Ø;Þ�Û�Ò2ØôæCÒ2Õ¦Ý¦Ò�Û�Ü
Ñ3ß Û�Ñ>Ñ2ßCØ;ÐíÖ/Ø;Ñ3Ø;Ò2Ü.Ï¶Ð ØoÔ>Þ�ß Û®Ñ
ÖCÛ�Ñ2ÛnÏ­Ô>Ò2Ø�YAÓCÏ­Ò3ØWÖ Û¦Ð ÖôÞ�ßCØoÒ3Ø
Ñ3ßCØ�ÖCÛ�Ñ2Û�Ï­Ô�é­Õ~ÙoÛ®Ñ2ØoÖië$_�ßCØ�ÖCÛ®Ñ�ÛEÜ.Ï­ÐCÏ¶Ð Ý,Û¦æCæCé­Ï­ÙoÛ®Ñ2Ï¶ÕXÐSÕ¦Ò�Ó Ô3Ø;Ò
Ö/Õ~ØoÔ>ÐCÕ�Ñ,ç~ÐCÕ®Þ½Þ�ßCØoÒ3ØSÑ3ßCØ�Ô3Õ¦ÓCÒ�Ù·Ø¬ÖCÛ®Ñ�Û8Ï©Ô,ÔFÑ2Õ¦Ò2ØoÖiÚiß Õ®Þ�Ï�Ñ
Ï­Ô�Ô�Ñ3ÕXÒ3ØWÖiÚ/Õ¦Ò�Ï­ÐtÞ�ß Û®Ñ�ðòÕ¦Ò2Ü�Û®Ñ�Ï¶ÑyÏ­ÔyÔ�Ñ3ÕXÒ3ØWÖië

Ü.Õ/Ö/ÓCé©Û�Ò2ÏXAWÛ®Ñ3Ï­Õ¦Ð
_�ß Ø�Ü.Ï­Ö Ö/é¶ØoÞ�Û¦Ò3Ø�Û�æCæ Ò3ÕAÛ¦Ù�ß-Ù;Û¦Ð
Û�é©Ô�ÕEÙ;Ò3ØWÛ®Ñ2Ø	Û�Ü.Õ/Ö/ÓCé©Û�Ò

Ü¬Ø;Ñ3ßCÕ/ÖtÑ2Õ8ÖCÛ�Ñ2Û�ÛXÙ;Ù·ØWÔ3ÔEÔ�Ó Ù�ßtÑ2ß Û®Ñ>Û�Ó Ö/Ï¶Ñ�é­Õ¦ÝAÔ�Ï­Ð Ö/ÏXB�ØoÒ3ØoÐXÑ
ðòÕ¦Ò2Ü.Ô¼ÙoÛ�Ð ê�Ø � Ø·û/Ï­êCé¶è Û¦ÖCÖCØoÖ Û�Ð Ö Ò2Ø;Ü.Õ®ï¦ØWÖië _�ßCÏ­Ô'Ï­Ô
æ$ÕAÔ3Ô3Ï¶ê é¶ØEÔ3Ï­Ð Ù·ØEÑ3ßCØoÒ3Ø>Û�Ò2ØyÛSÔ3Ü.Û¦é¶é$Ð~ÓCÜSê�Ø;Ò�Õ�ð5Þ�Û�è/ÔUÑ3Õ¬ÔFÑ2Õ¦Ò2Ø
Ô�ÕXÓCÒ2Ù;ØEÖCÛ�Ñ2Û»Õ¦Ð�Ñ2ßCØ>Ö Û®Ñ2Û¬Ù·ÕXé¶é­ØoÙ·Ñ3Ï­Õ¦Ð�Ü�ÛXÙ�ßCÏ¶Ð ØoÔoÚAÞ�ß Ø·Ñ3ß Ø;Ò�Ï�Ñ
Ï­Ô � Û�Ñ	î é­ØoÔoÚ/ÖCÛ®Ñ�Û�ê ÛXÔ�ØWÔ;ÚAÕ¦Ò�Ô3Õ¦Ü.ØEÕ¦Ñ3ßCØoÒ�Ü¬Ø;Ñ3ßCÕ/Öië _�ß Ï­Ô�Û�é©Ô3Õ
Ø;Ð Û¦êCé¶ØWÔ�Ñ2ßCØsÓ Ô�ØsÕ�ð»Ò3ØoÓ Ô3Û¦êCé­Ø�Ù·ÕXÜ.æ$ÕXÐCØ;ÐAÑ2Ô8ðòÕ¦ÒtÛ¦ÙoÙ·ØWÔ3Ô3Ï¶Ð Ý
ÐCØ;Þ�ÖCÛ®Ñ�Û�Ô�ÕXÓCÒ2Ù;ØoÔoë

_�Õ¬ê$Ø,Ü.Õ¦Ò2Ø�Ô3æ$ØWÙ·Ï¶î$Ù�Õ¦Ð8ÕXÓCÒ�Ø�B]Õ¦Ò3Ñ2Ô�Û®Ñ � å ] [SÚ ��Ï¶ÝXÓCÒ3Ø
��Ô3ßCÕ®ÞyÔUÛ>ßCÏ­Ý¦ß =|é¶Øoï¦ØoéAÒ2Ø�YAÓCØWÔFÑUðòÒ2Õ¦Ü½ØoÏ�Ñ2ßCØ;ÒUÑ2ßCØ�Ó Ô3Ø;ÒfÕXÒUÖ Û®Ñ2Û
Ü¬Ï­ÐCÏ­ÐCÝ,Û�æCæCé­Ï©Ù;Û®Ñ2Ï¶ÕXÐSÔ3Ø;ÐAÑ"Ñ2Õ�Ü.Ï©ÖCÖ/é­Ø;Þ�Û�Ò2Ø¦ë�_�ß Ø	Ü.Ï©ÖCÖ/é­Ø;Þ�Û�Ò2Ø
Ñ3ßCØoÐ=Ü.ØoÖCÏ­Û�Ñ3ØoÔnÑ2ßCØíÒ3Ø*YXÓ ØoÔ�ÑnÏ­Ð=ÕXÐCØ�Õ¦ð
Ñ3ß Ò3ØoØsÞ�Û�è/Ô;õ=öF÷Wø
Ñ3ßCØ,Ü.Ï­Ö Ö/é¶ØoÞ�Û¦Ò3Ø�é¶Õ/ÙoÛ®Ñ3ØWÔ�Û�Ð Ö�Ñ3ßCØoÐnÒ2Ø·Ñ2Ò3Ï­Ø;ïXØoÔ�Ñ3ßCØ,Ø·ûCÛXÙ�Ñ�é¶ÕXÝ
î é¶ØAöóÔ�ø�ê$Û¦Ô3ØoÖ:Õ¦Ðwî é¶ØoÐ Û�Ü.ØíÔ3Ù�ß Ø;Ü�ÛCÚyÖ/Ï­Ò2ØoÙ�Ñ2Õ¦Ò2è7Ô�Ñ3Ò2Ó Ù·Ñ3ÓCÒ2Ø¦Ú
Û�Ð Ö,Ö/ØWÔ�Ï­Ò3ØWÖ�Ñ3Ï­Ü¬Ø�æ$ØoÒ3Ï­Õ/Ö�öòé­Õ¦Ý�î é­ØoÔ5Û¦Ò3ØÃÙ;Ò3ØWÛ®Ñ2ØoÖ�æ$ØoÒ"é­Õ¦Ý�ÑFè~æ$Ø
Û�Ð Ö>Ñ2Ï¶Ü.Ø�æ�Ø;Ò2Ï­Õ~Ö$ø�Ú/öMúXø�Ñ3ßCØ	Ü.Ï­ÖCÖCé¶ØoÞ�Û¦Ò3ØfÒ2ØoÖ/Ï­Ò2ØoÙ�Ñ�ÔiÑ2ßCØ#YAÓCØ;Ò2è
Ñ3Õ=Û0Ù·Ø;ÐAÑ2Ò2Û¦é»ÖCÛ�Ñ2Û�ê$Û¦Ô3Ø_Ù·ÕXÒ3Ò2ØoÔ3æ$ÕXÐ Ö/Ï­ÐCÝ:Ñ3ÕwÑ3ßCØ7é¶ÕXÝ[ÑFè~æ$Ø
Ô�Øoé¶ØWÙ�Ñ3ØWÖíöòØoÛXÙ�ßÉé¶ÕXÝ.ÑFè~æ$Ø
Ü�Û�ènß Û�ï¦Ø-Û�Ö/ÏXB]Ø;Ò2Ø;ÐAÑ�ÖCÛ�Ñ2Û�ê$Û¦Ô3ØWø�Ú
Õ¦Ò�öóüAø�Ñ3ßCØoYAÓCØoÒ3è-Ï©ÔÃÔ3Ø;ÐAÑUÑ3Õ-Û�Ð¬Ï¶ÐAÑ2Ø;é­é¶Ï­Ý¦ØoÐXÑÃÖCÛ�Ñ2Û¦ê Û¦Ô3Ø�Ô�ØoÒ3ïXØ;ÒWÚ
Ï¶Ð�Õ¦ÓCÒ�Ù;ÛXÔ�Ø{Û \ Û®Ñ�Û ] æ$Û¦Ù·ØtÔ3Ø;Ò2ï¦Ø;Ò»ßCÕXÔ�Ñ3Ï­ÐCÝíÛ�Ô3æ�ØoÙ·Ï¶î$Ù{é­Õ¦Ý Ú
Þ�ßCÏ­Ù�ßÉÛXÙ;Ù·Øoæ/Ñ2ÔEÙ·Õ¦Ü.æCé­Ø·û YAÓCØ;Ò2Ï¶ØWÔ�ðòÕ¦Ò�î$é¶Ø
Û�Ñ�Ñ3Ò2Ï­êCÓ/Ñ3ØWÔEÛXÙ·Ò2ÕXÔ2Ô
ÜSÓCé¶Ñ3Ï­æCé­ØÉé¶ÕXÝ�î$é¶ØWÔ�ï~Ï­ÛíÙ·ÕXÜ.ÜSÓCÐCÏ©Ù;Û�Ñ3Ï­Õ¦Ð Ô.ê�Ø·ÑFÞ�Ø;ØoÐ[Ô�ØoÒ3ïXØ;Ò�Ô

öóØ·û/æCé©Û�Ï­ÐCØoÖnÏ­Ð{Ü.ÕXÒ3Ø-Ö/Ø;Ñ2Û�Ï­é5Ï­Ð8Ñ2ßCØ-ÐCØ;ûAÑEÔ3ØoÙ·Ñ3Ï­Õ¦Ð$ø·ë
[:Ô3Ï¶Ü.Ï­é­Û¦Ò�Ü.Ï©ÖCÖ/é­Ø;Þ�Û�Ò2Ø	Û¦æCæCÒ2ÕXÛ¦Ù�ß
ðòÕ~Ù;Ó Ô3Ï¶ÐCÝ>Õ¦Ð»ÐCØ·ÑFÞ�Õ¦Ò2ç

æ�Ø;Ò3ðòÕ¦Ò2Ü�Û�Ð Ù;Ø�Ï­Ô	Ö/ØoÔ2Ù·Ò2Ï¶ê�ØoÖ¬Ï­ÐJ( 17*Lë`_�ßCÏ©Ôfæ Û¦æ$ØoÒ�æCÒ2ØoÔ3Ø;ÐAÑ2Ô�Ñ2ßCØ
å Ï©Ù�ßCé­Ï­Ö
ïAÏ©Ô3Ó Û�é­ÏXAWÛ®Ñ2Ï¶ÕXÐ-Ñ3Õ~Õ¦éXÑ3ß$Û®ÑfÙ·Õ¦ÐAÑ�Û�Ï­Ð Ô;õÃö�÷Wø"Û�æCæCé­Ï©Ù;Û®Ñ2Ï¶ÕXÐ Ô
Ô3æ�ØoÙ·Ï¶î$Ù�Ù·Õ/Ö/Ø�ðòÕXÒÃÔ�ØoÐ Ô3Õ¦Ò�Ô�Û¦Ð Ö{öMú¦øUÛ¦Ð¬Û¦æCæCé­Ï­ÙoÛ®Ñ2Ï¶ÕXÐ»Ï­Ð Ö/Øoæ$ØoÐ =
ÖCØ;ÐAÑ
ï~Ï­Ô3Ó Û�é­Ï�AoÛ®Ñ2Ï¶ÕXÐ�ØoÐCÝ¦Ï­ÐCØXëh_�ßCØ�Ï­ÐAÑ3ØoÒ3Ð Û¦éÃÖCÛ®Ñ�ÛtÒ3ØoæCÒ2ØoÔ3Ø;Ð =
Ñ�Û®Ñ2Ï¶ÕXÐ8Ï©Ô�ÐCÕ¦ÑyÛ®Ñ�Ñ�Û¦Ù�ßCØWÖ.Ñ3Õ.Û
æ$Û�Ò3Ñ3Ï©Ù·ÓCé©Û�Ò�Û�æCæ é¶Ï©Ù;Û�Ñ3Ï­Õ¦ÐPH.Ó Ô3Ø;Ò
Ò2Ø�YAÓCØWÔFÑ�ÔfÝ¦Õ>Ñ2ßCÒ3ÕXÓCÝ¦ß.Ü.Ï©ÖCÖ/é­Ø;Þ�Û�Ò2Ø�Ñ3Õ-î Ð$Ö�Û�Ð Ö.Ò2Ø·Ñ2Ò3Ï­Ø;ïXØ	Ñ2ßCØ
Ù;Õ¦Ò2Ò3ØWÔ�æ�Õ¦Ð$Ö/Ï¶Ð Ý»ÖCÛ�Ñ2Û.Ô�Ø;Ñoë

� 	 �
	 � � �/�W� � 
 �C� È � È � ��È �®� _�ßCØ×Ó Ð Ö/Ø;Ò2é­èAÏ­ÐCÝ ÖCÛ�Ñ2Û
Ü�Û¦Ð Û�ÝXØ;Ü.Ø;ÐAÑ�Û¦Ò2Ù�ßCÏ¶Ñ3ØWÙ�Ñ2ÓCÒ3Ø¬Ô�ß Õ¦ÓCé©Ö'ö<[>ø�Ø·û~Ñ3Ò�Û¦Ù·Ñ�Õ¦Ð é¶è{Ñ3ß$Û®Ñ
Ö Û®Ñ2Û»Þ�ßCÏ©Ù�ßnÏ©Ô�Ù·Ó Ò3Ò2Ø;ÐAÑ3é­è�Ò2Ø�YAÓCØoÔ�Ñ3ØWÖ�ðòÕXÒ�Ü¬Ï­ÐCÏ­ÐCÝ Ú�ö ��ø	Ü¬Ï­ÐCÏX=
Ü.Ï�A;ØfÑ2ßCØÃÑ2Ï¶Ü.Ø�Ñ3ÕEÖ/Øoé¶Ï­ï¦ØoÒ5Ñ2ßCØ�ÖCÛ�Ñ2ÛCÚ/öMÙoøiÒ2Ø·Ñ2Ò3Ï­Ø;ïXØÃÖCÛ®Ñ�Û�Ñ3Ò�Û�Ð$Ô�=
æ$Û�Ò2Ø;ÐAÑfðòÒ3ÕXÜ�Ñ2ßCØyæCß~è/Ô3Ï­ÙoÛ�é ÛXÔ�æ�ØoÙ·Ñ2ÔÃÕ¦ð5ÔFÑ2Õ¦Ò�Û�Ý¦ØXë�[�ÔÃÞ�Øyß Û�ï¦Ø
ÖCÕ~Ù;ÓCÜ.Ø;ÐAÑ3ØWÖ
Ñ2ßCÒ2Õ¦ÓCÝXßCæCÓ/ÑUÑ3ß Ø�æ Û�æ�Ø;ÒWÚ�Ï¶ÑÃÜ.Û�èSÐCÕ�Ñfê�ØyÛ¦Ö/ï~Ï©Ô�=
Û¦êCé­ØyÑ3Õ.Ô�Ñ3Õ¦Ò2Ø�Û¦é¶é]ÖCÛ�Ñ2Û»Õ¦Ð8Û¬Ù·ØoÐXÑ2Ò2Û¦é�Ô3Ø;Ò2ï¦ØoÒ�ÝXÏ¶ïXØ;Ð�Ñ2ßCØ�é©Û�Ò2Ý¦Ø
ïXÕ¦é­ÓCÜ.ØoÔoëg_�ßCÏ©Ô
é­ØoÛXÖ Ñ2ÕôÛôÔ3ØoÛ�Ò�Ù�ß�ðòÕ¦ÒSÛ¦ÐsØSW�Ù·Ï­Ø;ÐAÑ
Þ�Û�è Ñ3Õ
Ò2Ø·Ñ2Ò3Ï­Ø;ïXØ�æ�Õ¦Ò3Ñ3Ï­Õ¦Ð$Ô�Õ�ð�Û�Ö Û®Ñ2Û.Ô3Ø·Ñ�Ï­Ò3Ò2ØoÔ3æ$ØWÙ�Ñ2Ï¶ïXØ>Õ¦ð�Ô3ÏXAoØ¦ë

� å ] [[ß ÛXÔÃÖ/ØoÙ;Ï­ÖCØoÖ¬Ñ3ÕSÏ¶Ü.æCé­Ø;Ü.Ø;ÐAÑ \ Û®Ñ�Û ] æ$Û¦Ù·ØyÔ3Ø;Ò2ï¦ØoÒ2Ô
=yÛ¦Ð Ï­Ð/ðòÒ2ÛXÔFÑ2Ò3Ó$Ù�Ñ3Ó Ò3ØSðòÕ¦Ò-Ù·Ò2ØoÛ�Ñ3Ï­ÐCÝnÛnÖCÛ®Ñ�Û8Þ�Ø;ê7öóÔ3Ø;Ø���Ï­Ý¦Ó Ò3Ø
4Aø�ë � ÛXÙ�ß \ Û®Ñ�Û ] æ$Û¦Ù·ØÉÔ3Ø;Ò2ï¦ØoÒ»çXØ;Ø;æ$Ô.Ü¬Ø;Ñ2ÛXÖCÛ®Ñ�ÛsÛ¦ê$ÕXÓ/Ñ�Ï�Ñ�Ô
é­Õ¦ÝAÔ,Û�é­é¶Õ®Þ�Ï­ÐCÝ ù ÐAÑ2Ø;Ò2ÐCØ·Ñ
Ù·ÕXÜ.ÜSÓCÐCÏ©Ù;Û�Ñ3Ï­Õ¦Ðsê$Ø;ÑFÞ	ØoØ;ÐíÔ�ØoÒ3ïXØ;Ò�Ô;ë
_�ß Ï­Ô	ðòÓCÐ Ù·Ñ3Ï­Õ¦Ð Û¦é¶Ï¶ÑFè�Ò2Ø;æCÒ2ØoÔ3Ø;ÐAÑ2Ô	é­Õ¦ÝXÔ�Û¦Ô�ÖCÛ�Ñ2Û¦ê Û¦Ô3ØyÑ�Û�êCé­ØoÔ�ê~è
Ô3æCé­Ï�Ñ3Ñ3Ï­ÐCÝ»Ñ3Ø·û~Ñ�Ï¶ÐAÑ2Õ»Ù·ÕXé¶Ó Ü¬Ð$Ô�Û¦Ð Ö.Ñ2ÓCæCé­ØoÔ�Û¦Ô�Ö/Ø;î ÐCØoÖ8ê~è»Ñ2ßCØ
Ü.Ø;Ñ2Û¦Ö Û®Ñ2Û ë@[Eé­Ô3Õ-Õ�ð]Ï­ÐXÑ2Ø;Ò2ØoÔ�Ñ�Û�Ò2Ø¦õ�öF÷WøfÓCÐCÏ­ï¦Ø;Ò�Ô2Û�éCÙ·ÕXÒ3Ò2Ø;é©Û®Ñ2Ï¶ÕXÐ
çXØ;è/Ô�ÛXÔÃæCÒ2Ï­Ü.Û¦Ò3è»Ï¶Ð$Ö/Ï­Ù;ØoÔ�ðòÕ¦Ò�Û¦Ù·Ñ3Ï­ï¦Ø YAÓCØoÒ3è~Ï­ÐCÝ Ú�öMú¦øfÑ3ßCØ�æCÒ2Ø�=
ÖCÏ­Ù·Ñ3Ï­ï¦Ø.Ô3Ù;Õ¦Ò2Ï¶ÐCÝ{Û�Ð Ö ÓCæ]ÖCÛ®Ñ2Ø»æCÒ2Õ�Ñ2Õ/Ù·Õ¦é�öóì ] �Eì�øEðòÕ¦Ò>Ø;ï¦ØoÐAÑ,=
ÖCÒ3Ï­ï¦ØoÐ�Ò2ØoÛ¦éZ=LÑ3Ï­Ü.ØôÔ3Ù;Õ¦Ò2Ï¶ÐCÝ¼Û¦Ð Ö7Ü¬Õ/Ö/ØoéEÖ/Øoï¦Ø;é­Õ¦æ Ü¬ØoÐAÑoÚ�Û�Ð Ö
öMüXøSÑ3ß Ø \ Û�Ñ2Û ] æ Û¦Ù;Ø{Ñ3Ò�Û�Ð Ô�ðòØ;Ò.æCÒ2Õ�Ñ2Õ~Ù;Õ¦é
ö \ ] _�ì�ø»ðòÕ¦Ò�ÖCÛ�Ñ2Û
YAÓCØoÒ3Ï­ØoÔEÕ®ï¦ØoÒ�Ñ3ßCØ»Þ	Øoê'ö Ñ2ßCØ¬Ô3Ø;Ü�Û¦ÐXÑ2Ï­ÙoÔyÕ¦ðfÑ3ßCØ»æCÒ3Õ¦Ñ3Õ/Ù·ÕXé"Ï­Ð =
ïXÕ¦é­ï¦ØUÑ2ßCØÃÒ2ÓCé¶ØWÔiðòÕXÒ�YAÓCØ;Ò2è~Ï¶Ð Ý�î é¶ØWÔ5ê ÛXÔ�ØWÖ,Õ¦Ð,Ñ2ßCØ;Ï­Ò"Ü.Ø·Ñ�Û¦ÖCÛ�Ñ2Û
ÖCØoÔ2Ù·Ò2Ï¶æ/Ñ2Õ¦Ò�Ô2ø·ë

_�ÕnÔ3ÓCÜ.Ü�Û�Ò2ÏXAoØ¦Ú \ Û�Ñ2Û ] æ Û¦Ù;ØSÏ­ÐCßCØ;Ò2Ø;ÐAÑ2é¶èÉÔ3ÓCæCæ�Õ¦Ò3Ñ2Ô>Ö/Ï­Ô,=
Ñ2Ò3Ï­êCÓ/Ñ2ØoÖtÖCÛ�Ñ2Û¬Ü.Ï¶ÐCÏ­ÐCÝ�Ï­Ð8Ñ2ßCØ,ðòÕ¦é­é­Õ®Þ�Ï¶ÐCÝ.Þ�Û�è/Ô;õ �

� \ Û�Ñ2Û ] æ Û¦Ù;ØoÔ�Ô�ÓCæ æ$ÕXÒ�Ñ�ÔfÖ/Ï­Ô�Ñ3Ò2Ï­êCÓ/Ñ3ØWÖSÖCÛ�Ñ2Û>ê~è
Ô�Ó æCæCé­èAÏ­ÐCÝ
Û-Ü.Ø·Ñ2ÛXÖCÛ®Ñ�Û
Ô�Ñ2Û�Ð$ÖCÛ�Ò�ÖiÚ~Û,ðòØoÖ/ØoÒ2Û�Ñ3Ï­Õ¦Ð�Ü.ØoÙ�ß$Û�ÐCÏ©Ô�ÜtÚ~Û�Ð Ö
ØoÛ¦Ô3è'Ñ2Õ_Ô3Ø·Ñ3Ó æ0Ô�ØoÒ3ïXØ;Ò8Ù;Õ/Ö/Ø_ö��AÛ�ï®ÛCÚ å���� ø¬Ñ2ß Û®ÑtÙ;Û�Ð
ê$Ø ÖCØ;æCé­Õ®è¦ØWÖ:ÐCØoÛ¦Ò�Ñ3ßCØsÖCÛ®Ñ�ÛCë [JÙ;é¶Ï­Ø;ÐAÑ{ÙoÛ�Ð[Ò2ØoÛXÖ/Ï¶é­è
Ò3Ø;Ñ3Ò2Ï¶Øoï¦Ø�ÛyÑ2Û�ê é¶Ø�ï~Ï¶ØoÞíÑ3ß Û�ÑUÙ;Õ¦Ð Ô3Ï­Ô�Ñ2Ô�Õ�ð Ù;Õ¦é­ÓCÜ.Ð Ô ,FÕ¦Ï­ÐCØoÖ
ðòÒ3ÕXÜ ÜSÓCé¶Ñ3Ï­æCé­Ø \ Û�Ñ2Û ] æ Û¦Ù;Ø-Ô�ØoÒ3ïXØ;Ò�Ô;ë

� \ Û�Ñ2Û ] æ Û¦Ù;Ø½Ô�ØoÒ3ïXØ;Ò�Ô[Ù;Û�Ð Ï­ÐAÑ3ØoÒ�ðóÛXÙ·Ø½Þ�Ï¶Ñ3ß � Û�Ñ0î é­ØoÔoÚ
ÖCÛ®Ñ�Û�ê ÛXÔ�ØWÔ;Ú~Û�Ð Ö�Õ�Ñ3ß Ø;Ò	ðòÕ¦Ò2Ü.Û�Ñ2Ôoë`_�ßCÏ­Ô�Û¦êCÏ¶é­Ï¶ÑFè»Ñ2Õ¬Ô3Ø;Ò2ï¦Ø
êCÏ¶Ð$Û�Ò2è�F�Ñ3Ø;ûAÑ�ÖCÛ�Ñ2ÛsÒ2ØoÖ/Ó Ù;ØoÔ¬Ñ2ßCØÉé­Û¦Ò3ÝXØtÕ®ï¦Ø;Ò2ßCØWÛ¦Ö¼Õ¦ð,Û
ÓCÐCÏ¶ðòÕ¦Ò2Ü�Ö Û®Ñ2Û¦ê Û¦Ô3ØÃÒ2ØoÙ;Õ¦Ò�ÖEðòÕXÒ3Ü�Û�Ñoë ] Ø;Ò2ï¦Ø;Ò�Ù·Õ/Ö/Ø	Ï­Ô�Û�é©Ô�Õ
Ø·û~Ñ3ØoÐ Ô�Ï­êCé­Ø>Ñ3Õ�ÐCØoÞ=ÖCÛ�Ñ2Û¬ðòÕ¦Ò2Ü�Û®Ñ�ß Û¦Ð Ö/é­Ø;Ò�Ô;ë

� \ Û�Ñ2Û ] æ Û¦Ù;ØoÔUÔ�Ó æCæ$ÕXÒ�Ñ�ÔUÔ�æ�ØoÙ;Ï­Û¦é¶Ï�A;ØWÖ»Ô3Õ/Ù�ç¦Ø·ÑUé©Û�è¦Ø;Ò�Ô�öóæ Û�Ò)=
Û�é­é¶Øoé,Ô3Õ/Ù�ç¦Ø;Ñ2ÔoÚEØ·Ñ�Ù�ë¸øQÑ3Õ7ðóÛXÙ·Ï­é¶Ï¶Ñ2Û�Ñ3ØsßCÏ¶ÝXß0Ñ2ßCÒ2Õ¦ÓCÝXßCæCÓ/Ñ
ÖCÛ®Ñ�ÛSÑ2Ò2Û¦Ð Ô�ðòØ;Ò�Ô;ë

� ( ÿ��Lÿ����®ÿ	�����# 
	 ��kI�X��� ( ÿ��|ÿ$f������ - ./.)l�l�l + c®ÿ��|ÿ	!��®ÿ	���:lm��k + ���:� .



� \ Û�Ñ2Û ] æ Û¦Ù;Ø�Û¦é­Ô3Õ0Ô3ÓCæCæ�Õ¦Ò3Ñ2ÔsæCÓCêCé­Ï©Ô�ßCÏ­ÐCÝ=é¶ÕXÝXÔ ðòÒ3ÕXÜ Û
é­Û¦Ò3ÝXØSÐ~ÓCÜ»ê$ØoÒ�Õ¦ð	Ô�ÕXÓCÒ�Ù·ØoÔ�Þ�Ï¶Ñ3ß�ÖCØoÔ3Ï¶Ò2ØoÖ�ÖCÛ®Ñ�Û8æCÒ2Ï­ï�ÛXÙ·è
æCÒ2ØoÔ3Ø;Ò2ï¦ØoÖ8Þ�Ï�Ñ2ßÉÛ¦Ù;Ù;ØoÔ2Ô�Ù·Õ¦ÐAÑ2Ò3ÕXéié¶Ï©ÔFÑ�Ô;ë

� 	 � � äó�o�;�®äò�Uã"� È Í � �/�W��� � äM�;�o��äó��ã�� È Í � � Ì � È �o�Wä â �
�>Ï¶ïXØ;ÐwÑ2ßCØíÛ�Ü.Õ¦ÓCÐAÑtÕ�ðSÖCÛ�Ñ2Û_Ñ3ß Û�ÑtÙoÛ�Ð=ê$ØsÝ¦ØoÐCØ;Ò�Û®Ñ2ØoÖ[ê~è
æCÒ3Õ/Ù;ØoÔ2Ô�ØWÔ Ô3Ó Ù�ß�Û¦Ô ÐCØ·ÑFÞ�Õ¦Ò2ç�æ Û¦Ù�çXØ·Ñ Ñ2Ò2ÛXÙ·ØWÔ;ÚSÛ�Ñ�Ñ2Ø;Ü.æ/Ñ3Ï­ÐCÝ
Ñ3ÕíÜ�Û�Ð Û¦Ý¦ØtÖCÛ®Ñ�Û�Ó$Ô�Ï­ÐCÝ¼Û¼Ù·ØoÐXÑ2Ò2Û¦é¶Ï�A;ØWÖ_Û¦æCæCÒ2ÕXÛ¦Ù�ß�Ü�Û�è¼ê$Ø
Ù·Õ¦Ü.æCÓCÑ2Û®Ñ2Ï¶ÕXÐ Û�é­é­è[Ï¶Ð/ðòØWÛ¦Ô3Ï¶ê é¶ØXë � ï¦Ø;Ð0ðòÕ¦ÒôÛ:Ô3Ü.Û¦é¶é,ÕXÒ3ÝAÛ�ÐCÏ�AoÛ�=
Ñ3Ï­Õ¦Ð5Ú$Ñ3ßCØ¬Ô�Ï�A;Ø»Õ�ðÃÛ�Ó$Ö/Ï�Ñ>é¶ÕXÝXÔ�Ù;Û�ÐÉê�ØoÙ;Õ¦Ü.ØqYAÓCÏ¶Ñ3Ø»é­Û¦Ò3ÝXØ¦ë � Õ¦Ò
é­Û¦Ò3ÝXØ ù,] ì	Ô;Ú/Þ�ß Ø;Ò2Ø,Ö Û®Ñ2Û�Ù;Õ¦é­é¶ØWÙ�Ñ2ØoÖ{Ù;Û�Ð{ê�Ø
ß~ÓCÐ Ö/Ò2ØoÖCÔ�Õ¦ð�ÝXÏZ=
ÝXÛ�ê~èAÑ3ØWÔ,Û{Ö Û�è¦Ú5Ü.Õ®ï~Ï¶Ð ÝtÔ3Õ¦Ó Ò2Ù;Ø¬ÖCÛ�Ñ2Ûtê�ØoÙ;Õ¦Ü.ØoÔ,Ï­Ð/ðòØoÛXÔ�Ï­êCé­Ø¦ë
_�ßCØ�Ü�Û5,FÕ¦Ò�Ï­Ô2Ô�Ó Ø�Þ�Ï¶Ñ3ß{Ù·Ø;ÐAÑ2Ò2Û¦é¶Ï�A;ØWÖ�ÖCÛ®Ñ�Û»Ù;Õ¦é­é¶ØWÙ�Ñ2Ï¶ÕXÐ�Ï­Ô	Ñ2ß Û®Ñ
Û¦ÔfÖCÛ�Ñ2Û>Ï­ÔUê�Ø;Ï­ÐCÝ
Ù;Õ¦é­é¶ØWÙ�Ñ3ØWÖiÚ�Ñ2ßCØyÙ·ÕXé¶é­ØoÙ·Ñ3Ï­Õ¦Ð¬æ$ÕXÏ¶ÐAÑÃÙ;Û¦Ð.ØoÛ¦Ô3Ï­é¶è
ê$ØWÙ·Õ¦Ü.Ø»Õ®ï¦Ø;Ò2Þ�ßCØoé¶Ü.ØoÖtÞ�Ï¶Ñ3ß�Ò3ØWÔ�æ�ØoÙ·Ñ�Ñ2Õ�Ñ2ßCØ»Ò2Ø�YAÓCÏ­Ò2ØoÖÉÐCØ;Ñ,=
Þ	ÕXÒ3ç¼ê Û¦Ð Ö/Þ�Ï©Ö~Ñ3ß:ÐCØoØoÖ/ØWÖ'Ñ2ÕíÜ¬Õ®ïXØ{Ñ3ßCØÉÖCÛ�Ñ2ÛCÚ�Û¦Ô¬Þ�Ø;é­éyÛ¦Ô
æCÒ3Õ/Ù;ØoÔ2Ô�ÕXÒSÙ·è/Ù·é­ØoÔoÚÃÛ�Ð$Ö ù F C Ò2Ø�YAÓCÏ­Ò3ØoÜ.Ø;ÐAÑ2ÔSÕ�ðyÑ2ßCØnß ÕXÔ�ÑSÑ3Õ
Ü¬Õ®ïXØyÑ2ßCØ-ÖCÛ®Ñ�Û
Ñ2ßCÒ3ÕXÓCÝ¦ß�Ñ3ßCØ _ å ìIF ù ì_Ô�Ñ2ÛXÙ�ç�Û�Ð Ö8Õ¦ÐAÑ3ÕSÑ3ßCØ
ÔFÑ2Õ¦Ò�Û�Ý¦Ø�Ö/Ø;ï~Ï©Ù·Ø¦ëGK[Ï¶Ñ3ß{Ø;ÐCÕXÓCÝ¦ß{ÖCÛ®Ñ�Û»Ô3Õ¦Ó Ò2Ù;ØoÔoÚXÏ¶Ñ�Ï­Ô�ÓCÐCé­Ï­ç¦Ø;é­è
Ñ3ß Û�Ñ,ÛnÔ�Ï­ÐCÝ¦é­Ø¬ßCÕXÔ�Ñ�Þ�Ï­é¶éfê�Ø.Û�êCé­Ø
Ñ2ÕnçXØ;Ø;æ�ÓCæ5ë å ØoÐXÑ2Ò2Û¦é¶Ï�A;ØWÖ
æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝSÜ�Û�è�Þ�Õ¦Ò2ç.Ï�ð�Ñ3ß Ø>Ð Õ~ÖCØ,ÛXÙ�Ñ2Ï¶ÐCÝ�ÛXÔ�Ñ2ßCØ
Ô3Õ¦é­Ø�æCÒ2Õ�=
Ù·ØoÔ2Ô3Ï¶ÐCÝ�æ�Õ¦Ï­ÐAÑ>ÛXÙ�Ñ2ÔEÓCæ�Õ¦Ð Û¦Ý¦Ý¦Ò2Ø;ÝAÛ®Ñ2ØoÖnÕ¦ÒyÝXØ;ÐCØoÒ2Û¦é¶Ï�A;ØWÖ{Ö Û®Ñ2Û
Õ�ð�Ò2ØoÖCÓ Ù·ØWÖ{Ô3Ï�A;Ø¦ë

K[Ï¶Ñ3ßsÑ2ßCØ�Ö/Ï­Ô�Ñ3Ò2Ï­êCÓ/Ñ3ØWÖ�Ö Û®Ñ2Û{æ Û¦Ò2ÛXÖ/Ï­Ý¦ÜtÚ]ç¦Ø;ØoæCÏ­ÐCÝ{Ö Û®Ñ2Û
Û®Ñ�Ñ3ßCØ,Ù·ÕXé¶é­ØoÙ·Ñ3Ï­Õ¦Ð8æ�Õ¦Ï­ÐAÑ2Ô�Ò2Ø�YAÓCÏ­Ò3ØWÔÃÐCÕ.Û¦ÖCÖCÏ�Ñ2Ï¶ÕXÐ Û�é]Ò2ØoÔ3Õ¦ÓCÒ�Ù·ØWÔ
Õ�Ñ3ß Ø;Ò¬Ñ3ß Û¦Ð_Ñ2ßCÕXÔ3ØÉÛ�é­Ò3ØWÛ¦Ö/èíÏ­Ð�æ é­ÛXÙ·Ø{Ñ3ÕíÙ·ÕXé¶é­ØoÙ·Ñ¬Ñ2ßCØÉÖCÛ®Ñ�ÛCë
\ Ï©ÔFÑ2Ò3Ï­êCÓ/Ñ2ØoÖ»æCÒ2Õ~Ù;ØoÔ2Ô�Ï­ÐCÝ>Û�é©Ô�Õ>Ø;Ð Û¦êCé­ØoÔ�Ò3ØWÛ�éX=MÑ2Ï¶Ü.Ø�Û�Ð Û¦é¶è/Ô3Ï­Ô�Û®Ñ
Ñ3ßCØ-é­Õ®Þ	ØWÔFÑ�é­Ø;ïXØ;é5Ù·é­ÕXÔ3ØoÔ�Ñ�Ñ3Õ.Ñ2ßCØ
Ô�ÕXÓCÒ�Ù·Ø�Ñ3ß Û�ÑyÞ	ÕXÓCé­Ö{ÐCÕ¦Ñ�ê$Ø
æ$ÕAÔ3Ô3Ï¶ê é¶ØÃÏ¶ð ÖCÛ�Ñ2Û�Ï©Ô"Ü.Õ®ïXØoÖ,Û�Þ�Û�èEðòÒ3ÕXÜ=Ï¶Ñ2Ô�Ô3Ï�Ñ2Ø�Õ�ð/ÕXÒ3Ï­Ý¦Ï­Ð Û®Ñ2Ï¶ÕXÐ
Õ¦ÒyÙ·ØoÐAÑ3Ò�Û�é­ÏXAoØoÖ�æ Ò3Õ/Ù·ØWÔ3Ô3Ï­ÐCÝ»Õ¦ð�é­Õ¦ÝAÔ;ë

\ Ï©ÔFÑ2Ò3Ï­êCÓ/Ñ2ØoÖíæCÒ2Õ/Ù·ØoÔ2Ô3Ï¶ÐCÝtÕ¦ð�ÖCÛ�Ñ2ÛtÛ®ÑSÙ;Õ¦é­é¶ØWÙ�Ñ2Ï¶ÕXÐsæ�Õ¦Ï­ÐAÑ2Ô
Ï­Ô�Û�ÐCÕ¦Ñ3ßCØoÒ_é­Õ¦Ý¦Ï©Ù;Û¦é8Ù�ßCÕXÏ­Ù;Ø¦ëq[ ï®Û�Ò2Ï­Û�Ñ3Ï­Õ¦Ð Õ�ðôÖ/Ï©Ô�Ñ3Ò2Ï¶êCÓCÑ3ØoÖ
æCÒ3Õ/Ù;ØoÔ2Ô�Ï­ÐCÝ.Ï­Ô�Û�ÝXÝ¦Ò2Ø;ÝXÛ�Ñ3Ï­ÐCÝ»Ö Û®Ñ2Û8Û�Ð ÖnÑ3ß Ø;ÐÉÜ.Õ®ï~Ï¶ÐCÝ�Û�Ö Û®Ñ2Û
Ô�ÓCÜ.Ü�Û�Ò2è�Ñ3Õ�Û¦ÐCÕ�Ñ2ßCØ;Ò¼ÐCÕ/Ö/Ø:Ò2ØoÔ3æ$ÕXÐ Ô3Ï¶êCé­Ø7ðòÕ¦Ò'Û¦Ð Ô�Þ�Ø;Ò2Ï­ÐCÝ
ÖCÛ®Ñ�Û YAÓCØ;Ò2Ï­ØoÔoë�_�ßCØ�æCÒ2Ï¶Ü�Û�Ò2è-Ö/Ï©Ô3ÛXÖ/ï®Û�ÐAÑ2Û¦Ý¦ØÃÕ¦ð$ÛEÖ/Ï©Ô�Ñ3Ò2Ï¶êCÓCÑ3ØoÖ
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Homeland Defense, Privacy-Sensitive Data Mining, and Random Value
Distortion

Souptik Datta� Hillol Kargupta� Krishnamoorthy Sivakumar�

Abstract

Data mining is playing an increasingly important role
in sifting through large amount of data for homeland de-
fense applications. However, we must pay attention to the
privacy issues while mining the data. This has resulted in
the development of several privacy-preserving data mining
techniques. The random value distortion technique is one
among them. It attempts to hide the sensitive data by ran-
domly modifying the values. This paper questions the utility
of the random value distortion technique. The paper devel-
ops a random matrix-based spectral filtering technique to
retrieve original data from the dataset distorted by adding
random values. The proposed method works by comparing
the spectrum generated from the observed data with that of
random matrices. The paper presents the theoretical foun-
dation and extensive experimental results to demonstrate
that the random value distortion technique may not preserve
any data privacy after all.

Keywords: Privacy preserving data mining, value pertur-
bation, random matrices, eigenanalysis.

1 Introduction

Many homeland defense applications require mining het-
erogeneous data for creating profiles, constructing social
network models, detecting terrorist communications among
others. Usually the data is very sensitive to privacy is-
sues. Financial transactions, healthcare records, and net-
work communication traffic are a few examples. Data min-
ing in such privacy-sensitive domains is facing growing
concerns. Therefore, we need to develop data mining tech-
niques that are sensitive to the privacy issue. This has fos-
tered the development of a class of data mining algorithms
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[1, 9] that try to protect the data privacy with varying de-
grees of success. Most of these algorithms try to extract
the data patterns without directly accessing the original data
and guarantees that the mining process does not get suffi-
cient information to reconstruct the original data.

This paper explores the random value perturbation-based
approach [1], a well-known technique for masking the data
using random noise. The idea is to preserve data privacy
by adding random noise, while making sure that the ran-
dom noise still preserves the signal from the data so that
the patterns can be closely estimated. This paper ques-
tions the privacy-preserving capability of the random value
perturbation-based approach and shows that the original
data can be accurately estimated from the perturbed data us-
ing a spectral filter that exploits some theoretical properties
of random matrices. It presents the theoretical foundation
and provides experimental results to support this claim.

Section 2 offers an overview of the related literature in
privacy preserving data mining. Section 3 describes the ran-
dom data perturbation method proposed in [1]. Section 4
discusses the theoretical foundation of our approach that re-
lies on known properties of random matrices. Section 5 de-
scribes the random matrix-based eigen analysis methods to
extract the original dataset. Section 6 applies the proposed
technique and reports its performance for various data sets.
Finally, Section 7 concludes this paper and outlines future
research directions.

2 Related Work

There exists a growing body of literature on privacy-
sensitive data mining. These algorithms can be divided
into two different groups. One approach adopts a dis-
tributed framework; the other approach adds random noise
to the data in such a way that the individual data values are
distorted while still preserving the underlying distribution
properties at a macroscopic level. The following part of this
sections briefly discusses these two approaches.

The distributed approach supports computation of data
mining models and extraction of “patterns” at a given node
by exchanging only the minimal necessary information



among the participating nodes without transmitting the raw
data. The field of distributed data mining [12, 19] pro-
duced several distributed algorithms that are sensitive to
privacy. For example the meta-learning based JAM system
[25] was designed for mining multi-party distributed sen-
sitive data such as financial fraud detection. The Fourier
spectrum-based approach to represent and construct deci-
sion trees [13, 18], the Collective hierarchical clustering
[7] are examples of additional distributed data mining al-
gorithms that can be used with minor modifications for
privacy-preserving mining from distributed data. In the re-
cent past, several distributed techniques to mine multi-party
data have been reported. A privacy preserving technique
to construct decision trees [21] proposed elsewhere [15],
multi-party secured computation framework [20], associa-
tion rule mining from homogeneous [9] and heterogeneous
[27] distributed data sets are some examples. [11] reports
privacy preserving correlation computaion between datasets
owned by multiple parties. There also exists a collection of
useful privacy-sensitive data mining primitives such as se-
cure sum computation [22], secure scalar product computa-
tion [27].

There is also a somewhat different approach and the al-
gorithms belonging to this group works by first perturbing
the data using randomized techniques. The perturbed data is
then used to extracts the patterns and models. The random-
ized value distortion technique for learning decision trees
[1] and association rule learning [3] are examples of this
approach. Additional work on randomized masking of data
can be found elsewhere [26].

This paper explores the second approach [1] that works
by adding random noise to the data set in order to hide the
individual data values of different attributes. It points out
that in many cases the noise can be separated from the per-
turbed data by studying the spectral properties of the data
and as a result its privacy can be seriously compromised.
Before presenting the technique to do that, let us review the
randomized value distortion [1] technique in details.

3 Random Value Perturbation Technique: A
Brief Review

For the sake of completeness, we now briefly review the
random data perturbation method suggested in [1]. We also
discuss the procedure for reconstructing the original data
distribution, as suggested in [1].

3.1 Perturbing the Data

The random value perturbation method attempts to pre-
serve privacy of the data by modifying values of the sensi-
tive attributes using a randomized process [1]. The authors
explore two possible approaches - Value-Class Membership

and Value Distortion - and emphasize the Value Distortion
approach. In this approach, the owner of a dataset returns
a value �� � �, where �� is the original data, and � is a
random value drawn from a certain distribution. Most com-
monly used distributions are the uniform distribution over
an interval ���� �� and Gaussian distribution with mean
� � � and standard deviation �. The � original data val-
ues ��� ��� � � � � �� are viewed as realizations of � indepen-
dent and identically distributed (i.i.d.) random variables	 �,

 � �� �� � � � � �, each with the same distribution as that of a
random variable 	 . In order to perturb the data, � indepen-
dent samples ��� ��� � � � � ��, are drawn from a distribution
�. The owner of the data provides the perturbed values
�� � ��� �� � ��� � � � � �� � �� and the cumulative distribu-
tion function ����	 of �. The reconstruction problem is to
estimate the distribution �� ��	 of the original data, from
the perturbed data.

3.2 Estimation of Distribution Function from the
Perturbed Dataset

The authors [1] suggest the following method to estimate
the distribution �� ��	 of 	 , given � independent samples

� � �� � ��, 
 � �� �� � � � � � and ����	. Using Bayes’
rule, the posterior distribution function � �

� ��	 of 	 , given
that 	 �� � 
, can be written as

� �� ��	 �

� �
�� �� �
 � �	����	����
�� �� �
 � �	����	��

�

which upon differentiation with respect to � yields the den-
sity function

� ����	 �
�� �
 � �	����	��

�� �� �
 � �	����	��
�

If we have � independent samples �� � �� � 
�, 
 �
�� �� � � � � �, the corresponding posterior distribution can be
obtained by averaging:

� ����	 �
�

�

��
���

�� �
� � �	�� ��	��
�� �� �
� � �	����	��

� (1)

For sufficiently large number of samples �, we expect the
above density function to be close to the real density func-
tion ����	. In practice, since the true density ����	 is un-
known, we need to modify the right-hand side of equation
(1). The authors suggest an iterative procedure where at
each step � � �� �� � � � � the posterior density � ���� ��	 esti-
mated at step ��� is used in the right-hand side of equation
(1). The uniform density is used to initialize the iterations.
The iterations are carried out until the difference between
successive estimates becomes small. In order to speed up
computations, the authors also discuss approximations to
the above procedure using partitioning of the domain of data
values.



4 Theory of Random Matrices

In this section, we discuss the general theory of random
matrices that is used to filter the noise from the perturbed
dataset to obtain an estimate of the actual dataset. Our fil-
tering approach is based on the observation that the distri-
bution of eigenvalues of random matrices [17] exhibit some
well known characteristics.

A random matrix is a matrix whose elements are random
variables with given probability laws. The theory of random
matrices deals with the statistical properties of the eigenval-
ues of such matrices. Eigenvalues of random matrices offer
many interesting properties. For example, Wigner’s semi-
circle law, which says if 	 is an �� � matrix and has i.i.d.
entries with zero mean and unit variance, the distribution
of eigenvalues of ����

�
�
��

has a probability density function
given by

���	 �

�
�
� ���� ��	�	�� ��� � ���

�� otherwise�

In this paper, we are mainly concerned about distribution of
eigenvalues of the sample covariance matrix obtained from
a random matrix. Let 	 be a random �� � matrix whose
entries are 	�� , 
 � �� � � � ��, � � �� � � � � �, are i.i.d. ran-
dom variables with zero mean and variance � �. The covari-
ance matrix of 	 is given by � � �


	
�	. Clearly, � is an

�� � matrix. Let �� � �� � � � � � �� be the eigenvalues
of � . Let

����	 �
�

�

��
���

���� ��	�

be the empirical cumulative distribution function (c.d.f.) of
the eigenvalues ��, �� � 
 � �	, where

���	 �

�
� � � �

� � � �

is the unit step function. In order to consider the asymp-
totic properties of the c.d.f. ����	, we will consider the di-
mensions � � ���	 and � � ���	 of matrix 	 to be
functions of a variable � . We will consider asymptotics
such that in the limit as � � 	, we have ���	 � 	,
���	 � 	, and 
���

���� � �, where � � �. Under these
assumptions, it can be shown that [8] the empirical c.d.f.
����	 converges in probability to a continuous distribution
function����	 for every �, whose probability density func-
tion (p.d.f.) is given by

����	 �

�
�
�
���
�����
������

����� ���	 � � � ��
�

� otherwise�
(2)

Figure 1. Main steps of the proposed spectral
filtering technique.

where ���	 � ���� � ��
�
�	� and ��
� � ���� �

��
�
�	�. Further refinements of this result and other dis-

cussions can be found in [24, 5, 16, 2, 4, 14, 28, 23].

5 Random Matrix-Based Data Filtering

Suppose actual data � is perturbed by a noise random
variable � to produce � � � � �. Let 
� � �� � ��,

 � �� �� � � � ��, be � (perturbed) data points, each being
a vector of � features. Thus the perturbed dataset, can be
considered to be an � � � random matrix � , having �
features and � instances. Our proposed filtering technique
first calculates the covariance matrix of the perturbed data
� . Using the distribution of eigenvalues of the covariance
matrix, and the theory of random matrices, the covariance
matrix of � is decomposed into a noise part and an actual
data part. The eigenvectors corresponding to actual data are
then used to reconstruct the actual data.

In the following section, we discuss some details of the
filtering procedure. We first assume that the entire distri-
bution ����	 of the random noise � is known. Later, we
discuss how the noise variance can be estimated from the
eigenvalue distribution of the perturbed data. Details of this
method and the supporting theory can be found in [10].

5.1 Known Noise Variance

When the noise distribution ����	 of � is completely
known, the noise variance �� is first calculated. Equation



(2) is then used to calculate �
�� and �
��. They provide
the theoretical bounds of the eigenstates corresponding to
noise. From the perturbed data, we compute the eigenvalues
of its covariance matrix � , say �� � �� � � � � � ��. Then
we identify the noisy eigenstates �� � ���� � � � � � ��
such that �� � �
�� and �� � �
��. The remaining eigen-
states are the eigenstates corresponding to actual data. Let,
�� = diag (��� ����� � � � � �� ) be the diagonal matrix with all
noisy eigenvalues, and �� be the matrix whose columns are
eigenvectors corresponding to the eigenvalues in � �. Simi-
larly, let �� be the eigenvalue matrix for the actual data part
and �� be the corresponding eigenvector matrix which is a
�� � matrix (� � �). Based on these matrices, we decom-
pose the covariance matrix � into two parts, �� and �� with
� � �� � ��, where �� � �����

�
�, is the covariance ma-

trix corresponding to random noise part, and � � � �����
�
�,

is the covariance matrix corresponding to actual data part.
An estimate 
� of the actual data � is obtained by projecting
the data � on to the subspace spanned by the columns of
��. In other words, 
� � ����

�
�. Figure 1 shows the flow

digram of the process described above.

0 50 100 150 200 250 300
−4

−3

−2

−1

0

1

2

3

4

5
Plot of Sinusoidal Feature,Estimated vs Actual Data

−−− No of Instances −−>

−
−

−
V

al
ue

 o
f F

ea
tu

re
 −

−
−

>

Estimated data
Actual data
 

Figure 2. Estimation of original sinusoidal
data with known random noise variance.

5.2 Unknown Noise Variance

When the noise variance �� is unknown, we first esti-
mate it using the perturbed data. The estimated noise vari-
ance is then used to filter the perturbed data. In order to
estimate the noise variance �� we first compute the eigen-
values of the covariance matrix � of the perturbed data � .
A histogram of the eigenvalue distribution is plotted and
compared to that of the theoretical noise eigenvalue density
function ����	 given in equation (2). Note that the den-
sity function ����	 depends on the variance ��. Typically,
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Figure 3. Distribution of eigenvalues of actual
data , and estimated eigenvalues of random
noise and actual data.

the theoretical density function ����	 is a good fit to the
left portion of the histogram of the computed eigenvalues,
corresponding to small eigenvalues. The larger eigenvalues
that do not fit this theoretical density function correspond
to the actual information part of the perturbed data. An it-
erative procedure is employed to obtain the value of � that
results in the best fit of ����	 to the observed histogram.

6 Experimental Results

Our proposed method is used on datasets of different
sizes which have some trend in their values. The actual
dataset is distorted by adding Gaussian noise (Normally dis-
tributed random numbers with zero mean and specific vari-
ance), and our proposed technique is applied to recover the
actual data from the perturbed data with known noise vari-
ance. Experimental results show that the proposed method
estimates the individual data closely and also detects the
pattern of actual data. Figure 2 shows one such estimation
of data when the actual data has sinusoidal trend.

The distribution of eigenvalues shows (Figure 3) the
method accurately distinguishes between noisy eigen values
and eigenvalues corresponding to actual data. Note that the
estimated eigenvalues of actual data is very close to eigen-
values of actual data and almost overlap with them above
�
��. Though there are no estimates of the eigenvalues
of actual data below the �
�� axis, the estimation of ac-
tual data is fairly accurate, because the magnitudes of those
eigenvalues are very small and hence do not have any sig-
nificant impact on the whole estimation.

We used a dataset of 300 instances and 20 features which
has definite trend in its features. We added a Gaussian ran-
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Figure 4. Estimated dataset preserves the
’Plateau’ trend of original data.

dom noise with mean � and standard deviation � � ����
to each of these data values and applied our algorithm to
recover the actual data from the distorted data with known
noise � � ����. Figure 4, Figure 5 show estimations of
dataset with different types of trends in their actual values.
The actual datasets have trends like plateau and triangles.
The proposed method estimates the values closely and pre-
serve the original trend of the actual dataset.

Quality of recovery depends upon relative noise con-
tent of the data. The method performs poorly if relative
noise-content in the actual data is too high. We define the
term ‘Signal-to-Noise Ratio’ (SNR) to quantify the relative
amount of noise added to actual data to perturb it.

SNR �
Value of Actual Data

Value of Noise Added to the Data

As the noise added to the actual value increases, the SNR
decreases. Our experiments show that this method predicts
the actual data reasonably well up to a SNR value of 1.0
(i.e. ���� noise). The results shown in figures 2, 4, 5 are
the case of mean SNR value nearly 2, i.e. ��� noise. As
the SNR goes below 1, the estimation becomes too erro-
neous. Figure 6 shows the difference in estimation as the
SNR increases from 1. The upper figure shows the esti-
mation corresponding to 100% noise (mean SNR = 1), and
the lower figure shows estimation corresponding to �
�
��
noise (mean SNR = 6).

In case of unknown noise distribution, the method esti-
mates the noise variance first. From the eigenvalues of co-
variance matrix of actual data, a histogram of the eigenvalue
distribution is obtained, and this is compared with best pos-
sible theoretical density function given by Equation 2. The

0 50 100 150 200 250 300
−2

−1.5

−1

−0.5

0

0.5

1

1.5

2

2.5

3

−−−− No of Instances −−−>

−
−

−
 v

al
ue

 o
f F

ea
tu

re
−

−
−

>

Plot of Estimated vs Actual Data

Atual data
Estimated data
 

Figure 5. Estimated dataset preserves the ’Tri-
angular’ trend of original data.

variance corresponding to the best fit gives the estimation
of the noise variance.

To get the best estimation of variance, the algorithm es-
timates noise variance from the best fit curve several times.
In each trial , the variance estimation algorithm starts with a
very small variance value near zero, create the theoretically
generated distribution and measures the mean square error
between it and histogram of eigenvalues of actual data. It
then increases variance by a small value, again computes the
mean square error and compares it with the previous error
to get the minimum error and corresponding variance. The
algorithm does the said operation up-to a threshold value of
variance, and stores of the variance corresponding to min-
imum mean square error between theoretically generated
density function curve and histogram of eigenvalues of ac-
tual data.That value of variance is treated as the estimated
value of noise variance for that particular trial.In our exper-
iment, we used 100 such trials for each variance estimation.
After the set of estimates are calculated from all trials, the
distribution of estimated variances is checked for outliers in
them. The mean �� and standard deviation �� of the es-
timates are calculated , and values lying outside the span
�� 
 ��� are discarded. During each trial, if the algorithm
does not get best fit within a predefined threshold value of
variance, it stores that threshold value of variance as the es-
timation. These values are also treated as outliers at the end
and are discarded.

After discarding the outlier estimations, an average of
the rest of the estimates are taken to get the actual estimate
of noise variance. Discarding the outliers and taking av-
erage of the remaining number of estimate improves the
estimation accuracy to a large extent. Figure 7 shows the
theoretical density curve and distribution of actual eigen-
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Figure 6. A higher noise content (low SNR)
leads to less accurate estimation. SNR in up-
per figure is 1, while that for lower figure is
6.

values.The average over 100 estimates gives an estimated
variance of 0.66432 where the actual noise variance is 0.68.
Although not all the estimates are always so close, on an
average, the difference between the estimated variance and
true variance remains within ��% of the actual variance in
all our experiments. Once the noise variance is estimated,
the same technique is applied as before to estimate the orig-
inal data. Figure 8 shows the estimation of actual data of
a relatively small dataset with high SNR when distribution
of noise is not known. Figure 9 displays the distribution of
eigen values.

7 Conclusion and Future Work

Preserving privacy in data mining activities is a very im-
portant issue. This paper illustrates a noise filtering tech-
nique by which true data values can be estimated from the
perturbed values (by random noise). This raises questions
against the claim of preserving privacy by perturbing data
with random numbers and disclosing the perturbed dataset
as well as the probability distribution of the random number
generator. The proposed approach works by comparing the
empirically observed eigenvalue distribution of the given
data with that of the known distribution of random matrices.
The theoretically known values of upper and lower limits of
the spectrum (eigenvalues) are used to identify the boundary
between the eigen-states due to noise and that of the actual
data.

This random matrix based approach to separate the ac-
tual data and noisy eigen-states has potential computational
advantages. Indeed, since the upper bound ��
� of the
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Figure 7. Theoretical density function and the
actual distribution of eigenvalues.

noisy eigenvalues is known a priori, one can easily use a
suitable numerical technique (e.g., power method [6]) to
compute just the few largest eigenvalues. Once these eigen-
values and corresponding eigenvectors are computed, one
can obtain the actual-data-part of the covariance matrix,
which can be subtracted off from the total covariance to
isolate the noise-part of the covariance. The proposed ap-
proach is simple, and retrieves actual data with reasonable
precision. For the datasets considered in this paper, our ex-
perimental results support this claim. So, the method of
perturbing data with random number to hide their original
value is not a very reliable method to preserve privacy.

This work points out a potential problem in the existing
literature. However, it leaves open the problem of coming
up with methods which can actually preserve privacy with-
out destroying statistical properties of the original dataset.
We believe that this can be done by first narrowing down the
specific pattern that we want to preserve through random-
ized perturbation. We hope that this work will encourage
data mining researchers to design privacy-preserving tech-
niques that pay careful attention to the properties of random
noise and their effect on preserving privacy.
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Abstract

Many automated systems for detecting threats are
based on matching a new database record to known
attack types. However, this approach can only spot
known threats and thus researchers have also be-
gun to use unsupervised approaches based on de-
tecting outliers or anomalous examples. A popular
method of finding these outliers is to use the dis-
tance to an example’s k nearest neighbors as a mea-
sure of unusualness. However, existing algorithms
for finding distance-based outliers have poor scaling
properties, making it difficult to apply them to large
datasets typically available in security domains. In
this paper, we propose modifications to a simple, but
quadratic, algorithm for finding distance-based out-
liers, and show that it achieves near linear time scal-
ing allowing it to be applied to real data sets with
millions of examples and many features.

Keywords: outlier detection, anomaly detection,
nearest neighbors, aviation security

1 Introduction

Detecting threats by analyzing the examples in a
database is an important problem in security do-
mains. For example, researchers in data mining are
developing algorithms to detect computer intrusions
from audit records [21, 10, 19]. The U.S. Federal
Aviation Administration developed the Computer
Assisted Passenger Pre-screening System (CAPPS)
[8, 11, 25], which screens airline passengers on the

basis of their flight records and flags individuals for
additional checked baggage screening.

One approach to addressing this task is developing
sophisticated models of a threat and how they man-
ifest themselves in a data set record. For example,
although the exact details of CAPPS are not pub-
lished, it is thought to assign higher threat scores to
cash payments [25]. However, explicit threat models
can only capture known attack types. Another ap-
proach is based on outlier or anomaly detection where
one looks for unusual examples that appear suspicious
and may require additional screening [20, 10, 22].

Outlier detection has a long history in statistics
[3, 14], but has largely focussed on univariate data
with a known distribution. These two limitations
have restricted the ability to apply these types of
methods to large real-world databases which typi-
cally have many different fields and have no easy way
of characterizing the multivariate distribution of ex-
amples. Other researchers, beginning with the work
by Knorr and Ng [17], have taken a non-parametric
approach and proposed using an example’s distance
to its nearest neighbors as a measure of unusualness
[2, 23, 18, 10]. Eskin et al. [10], and Lane and Brod-
ley [20] applied distance-based outliers to detecting
computer intrusions from audit data.

Although distance is an effective non-parametric
approach to detecting outliers, the drawback is the
amount of computation time required. Straightfor-
ward algorithms, such as those based on nested loops,
typically require O(N 2) distance computations. This
quadratic scaling means that it will be very difficult



to mine outliers as we tackle increasingly larger data
sets. This is a major problem for security screening
databases where there are often millions of records.
For example, U.S. airlines carry over 600 million pas-
sengers per year[8].

Recently, researchers have presented many differ-
ent algorithms for efficiently finding distance-based
outliers. These approaches vary from spatial index-
ing trees to partitioning of the feature space with clus-
tering algorithms [23]. The main goal is developing
algorithms that scale to large real data sets.

In this paper, we show that one can modify a sim-
ple algorithm based on nested loops, which would
normally have quadratic scaling behavior, to yield
near linear time mining on real, large, and high-
dimensional data sets. Our goal is to develop al-
gorithms for mining distance-based outliers that can
feasibly be applied to help detect threats in large se-
curity data sets. Specifically, our contributions are:

� We show that an algorithm based on nested loops
in conjunction with randomization and a simple
pruning rule has near linear time performance
on many large real data sets. Previous work
reported quadratic performance for algorithms
based on nested loops [17, 18, 23].

� We demonstrate that our algorithm scales to real
data sets with millions of examples and many
features, both continuous and discrete. To our
knowledge we have run our algorithm on the
largest reported data sets to date and obtained
among the best scaling results for real data sets.
Other work has reported algorithms with linear
time mining but only for low-dimensional prob-
lems (less than 5) [17, 18] or have only tested the
scaling properties on simple synthetic domains.

� We analyze why our algorithm performs so well.
Under certain conditions, the results suggest
that the time to process non-outliers, which are
the large majority of points, does not depend on
the size of the data set.

� We apply our algorithm to an airline passenger
database and we discuss some limitations of our
approach on this database.

The remainder of this paper is organized as fol-
lows. In the next section, we review the notion of
distance-based outliers and present a simple nested
loop algorithm that will be the focus of this paper.
In Section 3, we show that although our simple al-
gorithm has poor worst case scaling properties, for
many large, high-dimensional, real data sets the ac-
tual performance is extremely good and is close to

linear. In Section 4, we analyze our algorithm and
attempt to explain the performance with an average
case analysis. In Section 5, we present examples of
discovered outliers to give the readers a qualitative
feel for how the algorithm works on real data. Finally,
we conclude this paper by discussing limitations and
directions for future work.

2 Distance-Based Outliers

A popular method of identifying outliers is by exam-
ining the distance to an example’s nearest neighbors
[23, 18, 17, 2]. In this approach, one looks at the lo-
cal neighborhood of points for an example typically
defined by the k nearest examples (also known as
neighbors). If the neighboring points are relatively
close, then the example is considered normal; if the
neighboring points are far away, then the example
is considered unusual. The advantages of distance-
based outliers are that no explicit distribution needs
to be defined to determine unusualness, and that it
can be applied to any feature space for which we can
define a distance measure.

Given a distance measure on a feature space, there
are many different definitions of distance-based out-
liers. Three popular definitions are

1. Outliers are the examples for which there are less
than p other examples within distance d [17, 18].

2. Outliers are the top n examples whose distance
to the kth nearest neighbor is greatest [23].

3. Outliers are the top n examples whose average
distance to the k nearest neighbors is greatest
[2, 10].

There are several minor differences between these
definitions. The first definition does not provide a
ranking and requires specifying a distance parameter
d. Ramaswamy et al. [23] argue that this parameter
could be difficult to determine and may involve trial
and error to guess an appropriate value. The sec-
ond definition only considers the distance to the kth
neighbor and ignores information about closer points.
Finally, the last definition accounts for the distance
to each neighbor but is slower to calculate than def-
inition 1 or 2. However, all of these definitions are
based on a nearest neighbor density estimate [12] to
determine the points in low probability regions which
are considered outliers.

Researchers have tried a variety of approaches to
find these outliers efficiently. The simplest are those
using nested loops [17, 18, 23]. In the basic version
one compares each example with every other exam-
ple to determine its k nearest neighbors. Given the



neighbors for each example in the data set, simply
select the top n candidates according to the outlier
definition. This approach has quadratic complexity
as we must make all pairwise distance computations
between examples.

Another method for finding outliers is to use a spa-
tial indexing structure such as a KD-tree [4], R-tree
[13], or X-tree [5] to find the nearest neighbors of each
candidate point [17, 18, 23]. One queries the index
structure for the closest k points to each example, and
as before one simply selects the top candidates ac-
cording to the outlier definition. For low-dimensional
data sets this approach can work extremely well and
potentially scales as N logN if the index tree can
find an example’s nearest neighbors in logN time.
However, index structures break down as the dimen-
sionality increases. For example, Breunig et al. [7]
used a variant of the X-tree to do nearest neighbor
search and found that the index only worked well for
low-dimensions, less than 5, and performance dra-
matically worsened for just 10 or 20 dimensions. In
fact, for high-dimensional data they recommended se-
quential scanning over the index tree.

A few researchers have proposed partitioning the
space into regions and thus allowing faster determi-
nation of the nearest neighbors. For each region,
one stores summary statistics such as the minimum
bounding rectangle. During nearest neighbor search,
one compares the example to the bounding rectangle
to determine if it is possible for a nearest neighbor to
come from that region. If it is not possible, all points
in the region are eliminated as possible neighbors.
Knorr and Ng [17] partition the space into cells that
are hyper-rectangles. This yields a complexity linear
in N but exponential in the number of dimensions.
They found that this cell based approach outper-
formed the nested loop algorithm, which is quadratic
in N , only for four or fewer dimensions. Others use
a linear time clustering algorithm to partition the
data set [23, 10]. With this approach, Ramaswamy
et al. demonstrated much better performance com-
pared with the nested loop and indexing approaches
on a low-dimensional synthetic data set. However,
their experiments did not test how it would scale on
larger and higher-dimensional data.

Finally, a few researchers have advocated projec-
tions to find outliers. Aggrawal and Yu [1] suggest
that because of the curse of dimensionality one should
focus on finding outliers in low-dimensional projec-
tions. Angiulli and Pizzuti [2] project the data in
the full feature space multiple times onto the interval
[0,1] with Hilbert space filling curves. Each succes-
sive projection improves the estimate of an example’s
outlier score in the full-dimensional space. Their ini-

tial scaling results are promising, and appear to be
close to linear, however they have reported results on
only two synthetic domains.

In this paper, we show that the simplest type of
algorithm based on nested loops in conjunction with
randomization and a pruning rule gives state-of-the-
art performance. Table 1 shows our variation of the
nested loop algorithm in more detail. The function
distance computes the distance between any two ex-
amples using, for example, Euclidean distance for
continuous features and Hamming distance for dis-
crete features. The score function can be any mono-
tonically decreasing function of the nearest neigh-
bor distances such as the distance to the kth nearest
neighbor, or the average distance to the k neighbors.

The main idea in our nested loop algorithm is that
for each example in D we keep track of the closest
neighbors found so far. When an example’s closest
neighbors achieve a score lower than the cutoff we
remove the example because it can no longer be an
outlier. As we process more examples, the algorithm
finds more extreme outliers and the cutoff increases
along with pruning efficiency.

Note that we assume that the examples in the data
set are in random order. The examples can be put
into random order in linear time and constant main
memory with a disk-based randomization algorithm.
One repeatedly shuffles the data set into random piles
and then concatenates them in random order.

In the worst case, the performance of the algo-
rithm is very poor. Because of the nested loops,
it could require O(N 2) distance computations and
O(N/blocksize ∗N) data accesses.

3 Experiments on Scaling Per-
formance

In this section, we examine the empirical performance
of the simple algorithm on several large real data sets.
The primary question we are interested in answering
is “How does the running time scale with the number
of data points for large data sets?” In addition, we
are also interested in understanding how the running
time scales with k, the number of nearest neighbors.

To test our algorithm we selected the five real and
one synthetic data set summarized in Table 2. These
data sets span a range of problems and have very
different types of features. We describe each in more
detail.

� Corel Histogram. Each example in this data set
encodes the color histogram of an image in a col-
lection of photographs. The histogram has 32



Table 1: A simple algorithm for finding distance-based outliers. Lowercase variables represent scalar values
and uppercase variables represents sets.

Procedure: Find Outliers
Input: k, the number of nearest neighbors; n, the number of outliers to return; D, a set of examples
in random order.
Output: O, a set of outliers.
Let maxdist(x, Y ) return the maximum distance between x and an example in Y .
Let Closest(x, Y , k) return the k closest examples in Y to x.
begin
1. c ← 0 // set the cutoff for pruning to 0
2. O ← ∅ // initialize to the empty set
3. while B ← get-next-block(D) { // load a block of examples from D
4. Neighbors(b) ← ∅ for all b in B
5. for each d in D {
6. for each b in B, b 6= d {
7. if |Neighbors(b)| < k or distance(b,d) < maxdist(Neighbors(b),b) {
8. Neighbors(b) ← Closest(b,Neighbors(b) ∪ d, k)
9. if score(Neighbors(b),b) < c {
10. remove b from B
11. } } } }
12. O ← Top(B ∪ O,n) // keep only the top n outliers
13. c ← min(score(o)) for all o in O // the cutoff is the score of the weakest outlier
14. }
15. return O
end

bins corresponding to eight levels of hue and four
levels of saturation.

� Airline Passenger. We obtained 90 days’ worth
of passenger data from a major U.S. airline. This
database includes the information that each pas-
senger provided to the airline (or to a travel
agent) when buying an airline ticket. The pas-
senger data is best seen as a relational database.
For example, each record can contain multiple
passengers traveling together, and each group
of passengers can have multiple flight segments.
For the experiments described in this paper, we
flattened one day’s worth of data to create a ta-
ble in which each row represents one passenger
flight segment. We selected 15 fields from this
flattened table which we believe could be useful
for passenger screening. We intend to scale up to
90 days’ worth of data and to develop anomaly
detection algorithms that operate directly on re-
lational databases without first flattening them
(see Section 6).

� KDDCUP 1999. The KDDCUP data contains
a set of records that represent connections to
a military computer network where there have
been multiple intrusions by unauthorized users.

The raw binary TCP data from the network has
been processed into features such as the connec-
tion duration, protocol type, number of failed
logins, and so forth.

� Census. This data set contains the responses
from the 1990 decennial Census in the United
States. The data has information on both house-
holds and individuals. We divided the responses
into two tables, one that stores household records
and another that stores person records, and
treated each table as its own data set. Both the
Household and Person data sets have a variety
of geographic, economic, and demographic vari-
ables. Our data comes from the 5% State public
use microdata samples and we used the short
variable list [24]. In total, the 5% State sample
contains about 5.5 million household and 12.5
million person records. For our experiments we
used a maximum of 5 million records for each
data set.

� Normal 30D. This is a synthetic data set gener-
ated from a 30-dimensional normal distribution
centered on the origin with a covariance matrix
equal to the identity matrix.



We obtained the data sets Corel Histogram and KD-
DCup 1999 from the UCI KDD Archive [15] and the
census data from the IPUMS repository [24].

Table 2: Description of Data Sets

Data Set Features Cont. Examples

Corel Histogram 32 32 68,040
Airline Passenger 15 3 439,381
KDDCup 1999 42 34 4,898,430
Household 1990 23 9 5,000,000
Person 1990 55 20 5,000,000
Normal 30D 30 30 1,000,000

We preprocessed the data by normalizing all con-
tinuous variables to the range [0,1] and converting
all categorical variables to an integer representation.
We then randomized the order of examples in the
data sets. Randomizing a file can be done in O(N)
time and constant main memory with a disk-based
shuffling algorithm as follows: Sequentially process
each example in the data set by randomly placing it
into one of n different piles. Recombine the piles in
random order and repeat this process a fixed number
of times.

We ran our experiments on a lightly loaded Pen-
tium 4 computer with a 1.5 GHz processor and 1GB
RAM running Linux. We report the wall clock time,
the time a user would have to wait for the output, in
order to measure both CPU and I/O time. The re-
ported times do not include the time needed for the
initial randomization of the data set and represent
one trial. Preliminary experiments indicated that al-
ternate randomizations did not have a major effect
on the running time. To measure scaling, we gener-
ated smaller data sets by taking the first n samples
of the randomized set. Unless otherwise noted, we
ran experiments to return the top 30 anomalies with
k = 5, a block size (|B|) of 1000 examples, and we
used the average distance to the nearest k neighbors
as the score function.

Our implementation of the algorithm was written
in C++ and compiled with gcc version 2.96 with the
-O3 optimization flag. We accessed examples in the
data set sequentially using standard iostream func-
tions and we did not write any special routines to
perform caching. The total memory footprint of the
executing program was typically less than 3 MB.

Figure 1 shows the total time taken to mine outliers
on the six data sets as the number of examples varied.
Note that both the x and y axes are in a logarithmic
scale. Each graph shows three lines. The bottom
line represents the theoretical time necessary to mine
the data set given a linear algorithm based on the
running time for N = 1000. The middle line shows

the actual running times of our system. Finally, the
top line shows the theoretical time needed assuming
a quadratic algorithm based on scaling the running
time for N = 1000.

These results show that our simple algorithm gives
extremely good scaling performance that is near lin-
ear time. The scaling properties hold for data sets
with both continuous and discrete features and the
properties hold over several orders of magnitude of
increasing data set size. The plotted points typi-
cally follow a straight line on the log-log graph which
means that the relationship between the y and x
axis variables is of the form y = axb or log y =
log a+b log x, where a and b are constants. Thus, the
algorithm scales with a polynomial complexity with
an exponent equal to the slope of the line. Table 3
presents for each data set the slope of a regression line
fit to the points in Figure 1. The algorithm obtained
a polynomial scaling complexity with exponent vary-
ing from 1.13 to 1.32.

Table 3: Slope b of the regression fit relating log t =
log a+ b logN (or t = aN b) where t is the total time
(CPU + I/O), N is the number of data points, and
a is constant factor.

Data Set slope

Corel Histogram 1.13
Airline Passenger 1.20
KDDCup 1999 1.13
Household 1990 1.32
Person 1990 1.16
Normal 30D 1.15

One exception to the straight line behavior is the
last point plotted for the Airline Passenger data set.
Up to 100,000 examples the running time follows a
straight line very closely with b = 1.08, however, the
last point at N = 439, 000 represents a large increase
in time. We believe this is caused by the way we
flattened the original relational database. For ex-
ample, if there are two tables X and Y , with each
example in X pointing to several different objects in
Y , our flattened database will have examples with
form (X1, Y1), (X1, Y2), (X1, Y3), (X2, Y4), . . . and
so forth. As it is likely that the closest neighbors of
(X1, Y1) will be the examples (X1, Y2) and (X1, Y3)
our algorithm may have to scan the entire data set un-
til it finds them to obtain a low score. For small ran-
dom subsets, it is unlikely that the related examples
would be present and so this does not affect scaling
performance. Flattening destroys the independence
between examples which we will see in Section 4 is
necessary for good performance.1

1We are also considering alternative problem formulations
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Figure 1: Total time (CPU and I/O) taken to mine outliers as N , the number of points, increases. The top
and bottom lines represent the theoretical time taken by a quadratic and linear algorithm based on scaling
the observed time at N = 1000.

We also examined how the total running time scales
with k, the number of neighbors and the results for
Normal 30D and Person (N = 1, 000, 000) are shown
in Figure 2. The bottom line represents the observed
time; the curved top line represents the time as-
suming linear scaling based on the timing results for
k = 5. In these graphs, the y axis is logarithmic and
the x axis is linear which means that a straight line in-
dicates that the relationship between the y and x axis
variables is of the form y = aebx or log y = log a+ bx
where a and b are constants. This relationship sug-
gests that the running time scales exponentially with
k. However, the empirical value of b as determined
by a regression fit is very small. For Normal 30D
b = 0.0163 and for Person b = 0.0135. Practically,
the observed scaling performance is much better than
linear for k ≤ 100 , mainly because of the large fixed
computation costs unrelated to k.

4 Analysis of Scaling Time

In this section, we explain with an average case anal-
ysis why randomization in conjunction with pruning
performs well, especially when much of the past lit-
erature reported that nested loop designs were ex-
tremely slow because of the O(N 2) distance compu-

that preserve independence of examples.

tations. In particular, both Knorr and Ng [17] and
Ramaswamy et al. [23] implemented versions of the
nested loop algorithm and reported quadratic perfor-
mance.

Consider the number of distance computations
needed to process an example x. For now we assume
that we are using outlier definition 2, rather than def-
inition 3 which we used in our experiment, for ease of
analysis. With this definition an outlier is determined
by the distance to its kth nearest neighbor. In order
to process x we compare it with examples in the data
set until we have either (1) found k neighbors within
the cutoff distance d, in which case we eliminate it
as it cannot be an outlier, or (2) we have compared
it with all N examples in the data set and failed to
find k neighbors within distance d, in which case it is
classified as an outlier.

We can think of this problem as a set of indepen-
dent Bernoulli trials where we keep drawing instances
until we have found k successes (k examples within
distance d) or we have exhausted the data set. Let
π(x) be the probability that a randomly drawn exam-
ple lies within distance d of point x, let Y be a ran-
dom variable representing the number of trials until
we have k successes, and let P (Y = y) be the prob-
ability of obtaining the kth success on trial y. The
probability P (Y = y) follows a negative binomial dis-
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Figure 2: Total time (CPU and I/O) taken to mine outliers as k increases. The top curved line represents
the theoretical time taken by an algorithm linear in k based on scaling the observed time for k = 5.

tribution:

P (Y = y) =

(
y − 1

k − 1

)
π(x)k(1− π(x))y−k (1)

The number of expected samples we need to draw to
process one example x is:

E[Y ] =
N∑

y=k

P (Y = y) y +


1−

N∑

y=k

P (Y = y)


N

(2)
The first term is the expectation of concluding a neg-
ative binomial series within N trials. That is, as we
are processing an example, we keep drawing more ex-
amples until we have seen k that are within distance
d, at which point we eliminate it because it cannot be
an outlier. The second term is the expected cost of
failing to conclude the negative binomial series within
N trials, in which case we have examined all N data
points because the example is an outlier (less than k
successes in N trials).

The expectation of a negative binomial series with
an infinite number of trials is,

∞∑

y=k

(
y − 1

k − 1

)
π(x)k(1− π(x))y−k y =

k

π(x)
(3)

This is greater than the first term in Equation 2.
Combining Equations 2 and 3 yields,

E[Y ] ≤ k

π(x)
+


1−

N∑

y=k

P (Y = y)


N (4)

Surprisingly, the first term which represents the
number of distance computations to eliminate non-
outliers does not depend on N . The second term,

which represents the expected cost of outliers (i.e,
we must compare with everything in the database
and then conclude that nothing is close) does depend
on N, yielding an overall quadratic dependency to
process N examples in total. However, note that
we typically set the program parameters to return
a small and possibly fixed number of outliers. Thus
the first term dominates and we obtain near linear
performance.

One assumption of this analysis is that the cut-
off distance is fixed. In practice, the cutoff distance
changes with different values of N . However, we
should expect that if the cutoff distance increases
with larger N , then scaling will be better as π(x)
is larger and any randomly selected example is more
likely to be a success (neighbor). Conversely, if the
cutoff distance decreases, the scaling will be worse. In
Figure 3 we plotted the relationship between b, the
empirical scaling factor, and c50K/c5K , the ratio of
the final cutoffs for N = 50000 and N = 5000 for the
six data sets used in the previous section. We also
plotted results for two additional data sets, Uniform
3D and Mixed 3D, which we believed would be re-
spectively extremely difficult and easy. Uniform 3D
is a three-dimensional data set generated from a uni-
form distribution between [-0.5,0.5] on each dimen-
sion. Mixed 3D is a mixture of the uniform data set
(99%) combined with a Gaussian (1%) centered on
the origin with covariance matrix equal to the iden-
tity matrix.

The results indicate that for many data sets the
cutoff ratio is near or greater than 1. The only
data set with an extremely low cutoff ratio was Uni-
form3D. The graph also indicates that higher values



of the cutoff ratio are associated with better scal-
ing scores (lower b). This supports our theory that
the primary factor determining the scaling is how the
cutoff changes as N increases.
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Figure 3: Empirical scaling factor b versus c50K/c5K ,
the ratio of cutoff scores for N = 50, 000 and N =
5, 000.

Figure 4 shows the running time plot for Uniform
3D and Mixed 3D. We expected Uniform 3D to have
extremely bad scaling performance because it has no
true outliers as the probability density is constant
across the entire space. Increasing N simply increases
the density of points and drops the cutoff score but
does not reveal rare outliers. In contrast, the results
for Mixed3D were extremely good (b = 1.11). In
this data set, as we increase N we find more extreme
outliers from the Gaussian distribution and the cutoff
distance increases, thus improving pruning efficiency.
Finally, we note that data sets with a true uniform
distribution are probably rare in real domains.

5 Outliers in Census Data

We have applied our algorithm to mining outliers in
the Airline Passenger database. However, for secu-
rity reasons, we cannot describe the data set nor the
discovered outliers in detail. Instead, we present re-
sults from the Household and Person data sets to give
the readers a qualitative feel for outliers that can be
mined from large data sets. We report selected re-
sults from running our outlier detection algorithm to
return the top 30 outliers with k = 5. The full list
of top 30 outliers for both household and person are
available online2 and we encourage readers to view
this list directly.

2http://www.isle.org/∼sbay/papers/siam03/

The top outlier in the household database is a sin-
gle family living in San Diego with 5 married couples,
5 mothers, and 6 fathers. In the census data, a fam-
ily is defined as a group of persons related by blood,
adoption, or marriage. To be considered a mother or
father, the person’s child or children must be present
in the household. The house had a reported value
of

�
85K and was mortgaged. The total reported in-

come of the household was approximately
�

86K for
the previous year.

Another outlier is a single-family rural farm house-
hold in Florence, South Carolina. The house is owned
free and clear by a married couple with no children.
This example is unusual because the value of the
house is greater than

�
400K (not including the land),

and they reported a household income of over
�

550K.

In the person data set one of the most extreme
outliers was a 90+ year old Black Male with Italian
ancestry who does not speak English, was enrolled
in school3, has a Doctorate degree, is employed as
a baker, reported

�
110K income of which

�
40K was

from wages,
�

20K from business,
�

10K from farm,
�

15K from welfare, and
�

20K from investments, has
a disability which limits but does not prevent work,
was a veteran of the U.S. armed forces, takes public
transportation (ferry boat) to work, and immigrated
to the U.S. 11-15 years ago but moved into his current
dwelling 21-30 years ago. Clearly, there are inconsis-
tencies in this record and we believe that this record
represents an improperly completed form.

A second outlier was a 46 year old, White, widowed
female living with 9 family members, two of which
are her own children. She has a disability that lim-
its but does not prevent her work as a bookkeeper or
accounting clerk in the theater and motion picture in-
dustry. She takes public transportation to work (bus
or trolley) and it takes her longer than 99 minutes to
go from home to work.

A third outlier was a 19 year old, White, female
with Asian ancestry and Mexican Hispanic origin
with a disability that limits but does not prevent
work. She earned

�
123K in business income, and

�
38K in retirement income (which may include pay-

ments for disabilities), and is also enrolled in school.

Finally, we ask readers to keep in mind that these
outliers were discovered using a base set of features
which were not collected for a specific task (e.g., se-
curity screening). In our own work on the airline
passenger database, we are spending much effort on
feature engineering to get the most relevant informa-
tion for our algorithm.

3Taking a course that a high school or college would accept
for credit would count under Census definitions.
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Figure 4: Total time (CPU and I/O) taken to mine outliers on data sets. For Uniform 3D b = 1.76, and for
Mixed 3D b = 1.11.

6 Limitations and Future Work

In this paper, we addressed one roadblock toward
applying distance-based outlier detection algorithms
to security screening: dealing with the computation
time required for large data sets. However, we feel
that there are several limitations in applying outlier
detection to security databases and that further re-
search needs to be conducted to address these.

The largest and most pressing limitation is that
our work has only addressed finding outliers in the
data sets that can be represented with a vector space
or equivalently a single table in a database. Clearly,
almost all real data sources will be in the form of
relational databases with multiple tables that relate
different types of information about each other.

To address relational data, the simplest solution is
to flatten the database with join operators to form
a single table. While this is a convenient solution it
loses much of the information available. For instance,
a flattened database cannot easily represent passen-
gers that have a variable number of flight trips. We
also found that flattening a database could create de-
pendencies between examples and this can reduce the
effectiveness of randomization and pruning.

We are currently investigating how we can ex-
tend our algorithm to handle relational data natively.
There are two research questions that arise. First,
how does one define a distance metric to compare
objects which may have a variable number of linked
objects? There has been some work on defining met-
rics to work on relational data [6, 9, 16]. The central
idea is to apply a recursive distance measure. That
is, to compare two objects one starts by comparing
their features directly, and then moves on to com-

pare linked objects and so on. Second, how does one
efficiently retrieve an object and its related objects
to compare them in the context of searching for out-
liers? Retrieving related objects may involve extract-
ing records in a non-sequential ordering and this can
greatly slow database access.

A second area we did not address in this paper is
determining how to set algorithm parameters such as
k, the distance measure, and the score function. Each
of these parameters can have a large effect on the dis-
covered outliers. In supervised classification tasks one
can set these parameters to maximize predictive per-
formance by using a hold out set or cross-validation to
estimate out-of-sample performance. However, out-
lier detection is unsupervised and no such training
signal exists.

Finally, our approach combines randomization and
pruning to speed the computation of the top out-
liers in the data set. Our method gives exactly the
same results as computing all N 2 pairwise distances
between examples and from these distances selecting
the most extreme outliers. Alternatively, one could
use a small random subset of examples to determine
the outliers in the entire data set. This would require
O(NNs) distance computations where Ns is the size
of the subset. This subset approach is not guaran-
teed to return the same outliers as performing all N 2

pairwise comparisons but it may perform adequately.
Our initial experiments indicate that the correspon-
dence with the full N 2 comparison strongly depends
on the data set. For example, on Mixed3D a subset
of 1000 examples was sufficient to give 90% corre-
spondence whereas on the Person data set a subset
of 1000 points gave less than 30% correspondence and
1,000,000 examples resulted only in 70% correspon-



dence. We plan to investigate this issue further.

7 Conclusions

In our work applying outlier detection algorithms to
large, real databases a major limitation has been scal-
ing the algorithms to handle the volume of data. In
this paper, we presented an algorithm based on ran-
domization and pruning which finds outliers on many
real data sets in near linear time. This efficient scal-
ing allowed us to mine data sets with millions of ex-
amples and many features.
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Abstract 
An implicit assumption in some of the studies in 
statistics, machine learning and data mining is that the 
data is uniformly distributed or exhibits either Poisson 
or binomial distribution. However, most of the 
databases in real world applications violate these 
assumptions and disobey such distribution. Link 
Discovery (LD) as a new challenge in data mining is 
not an exception in this regard. In this paper we 
briefly describe the LD challenge problem and we 
show that these datasets are also skewed and exhibit 
Zipf law distribution. Since issues such as privacy and 
security promote the use of simulated database in data 
mining in general and specifically in LD, the need to 
use of simulated data for performance evaluation of 
these techniques is inevitable. In this study we 
provide some major characteristics of a real world 
database and argue that any simulated database has to 
follow these characteristics to justify the performance 
analysis and evaluation of LD techniques. 

Keywords 
Relational Data Mining, Link Discovery, Zipf Law 

1. Introduction                            

During the past year, the development of information 
technology that could aid organizations in their efforts to 
detect and prevent fraudulent activities has become an 
important topic for research and development. Scince the 
amount of information, tips, reports and data increases 
exponentially every day, analyzing such data manually to 
find patterns and to identify suspicious activities is 
impossible. Hence, new techniques to achieve these goals 
and to overcome such obstacles are needed. 
 The Evidence Extraction and Link Discovery (EELD) 
program of the Defense Advanced Research Projects 
Agency (DARPA) is one of the research projects, which 
attempt to address this issue. The main goal of the EELD 
program is the development of techniques for mining large 
amounts of data to find hidden patterns, extract valuable 
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knowledge and discover hidden links among sparse 
evidences. Such technologies are capable to extract 
relevant data and relationships about people, places, 
events, organizations, objects and activities from different 
sources such as in-house databases, message traffic and 
open source data.  Eventually, these techniques will link 
items relating potential groups; learn patterns of different 
scenarios, identify organizations, learn fraudulent behavior, 
model groups’ activities and detect emerging threats.   
 The EELD program divided its focus into three related 
sub-areas to achieve its goals. These areas are Evidence 
Extraction (EE), Link Discovery (LD) and Pattern 
Learning (PL). While the main focus of the EE area is the 
task of obtaining structured evidence data from 
unstructured sources, LD’s main goal is the task of 
identifying complex, multi-relational patterns that indicate 
potentially threatening activities in large amounts of 
structured data. PL’s main concern is the automated 
discovery of new relational patterns.   
 In this paper we report part of the issues related to an on 
going project at USC information Sciences Institute called 
KOJAK1. KOJAK is hybrid link discovery system 
developed under the EELD program. It combines 
knowledge representation and reasoning technology with 
statistical clustering and analysis techniques from the area 
of data mining.  
 Similar to other machine learning and data mining 
techniques practically LD needs to evaluate the developed 
algorithm on some databases. Whether one builds a new 
algorithm, or wishes to use an existing one, it is important 
to know how the algorithms perform. Since privacy and 
security are important concerns in these domains the use of 
synthetic data for evaluation, modification and tuning of 
new technologies is inevitable. A true advantage of 
synthetically generated datasets is that they are highly 
tunable as to the level of noise or corruption present in the 
evidence.  
 
                                                 
1 http://www.isi.edu/~hans/eeld/ 



  This paper attempts to study the issue of evaluation 
through synthetic data rather than real world databases in 
LD applications. We study and analyze an example of a 
real world databases (a.k.a. Russian Contract Killing) and 
discuss the effect of such characteristics on design of 
synthetic databases. Our main finding is that these datasets 
are skewed and exhibit Zipf law distribution and do not 
follow the conventional assumption of binomial and /or 
Poisson distribution. 
  The rest of this paper is organized as follows.We start 
with a brief description of the LD problem, which includes 
a short review on Relational Data Mining along with its 
differences to other areas of data mining. In Section 3 we 
review characteristics of some other real world databases 
along with Zipf law distribution, its characteristics and 
presence in the real world. In Section 4 we introduce a 
real-world and a synthetic LD database, which have been 
studied in this paper. In section 5 we report our finding on 
studying of such databases followed by concluding 
remarks.    

2. Link Discovery 

In this section we explain the problem of LD in more 
detail. At first we provide a short review of the area of 
Relational Data Mining. Next, we define the problem of 
LD and its main differences to other areas of DM.  

Relational Data Mining 
Conventional Knowledge Discovery in Databases (KDD) 
techniques assume that the data to be mined is in a single 
relational table and that examples are flat tuples of attribute 
values [Piatetsky-Shapiro, 1996][Fayyad, 1996]. The 
attribute-value paradigm only allows the analysis of simple 
objects. It requires that each object can be described by a 
fixed set of attributes each of which can only have a single 
value. The major focus of machine learning techniques, 
KDD and statistics has been on classification, clustering 
and regression using feature vectors as inputs. Properties of 
typical data mining tasks and attention to scaling, 
efficiency and the dimensionality curse are the reason why 
mining large relational databases containing more than one 
table has been given less attention in the past.   

 New areas of data mining such as entity mining and link 
discovery concerns mining data from multiple relational 
tables that are richly connected. To be able to represent 
more complex and structured objects, one has to employ a 
relational database containing multiple tables. Each object 
can be described by multiple records in multiple tables. To 
be able to analyze relational databases containing multiple 
relations properly, specific algorithms will have to be 
written that cope with the structural information that occurs 
in relational databases. Mining this type of data is referred 
to Relational Data Mining (RDM) [Dzeroski, 2001][Koller, 
1998]. RDM aims to integrate results from existing fields 
such as inductive logic programming, artificial 
intelligence, data mining, machine learning and relational 
databases[Mooney, 2002].  
 In RDM, different form other data mining techniques, 
the knowledge to be discovered may be the definition of 
another relation rather than a classification, clustering or 
regression function. Mining databases that consist of 
complex structured objects also falls within the scope of 
this field: the normalized representation of such objects in 
a relational database requires multiple tables. 
  Present RDM approaches consider all of the main data 
mining tasks, including association rules analysis, 
classification, clustering, learning probabilistic models and 
regression. The techniques used by single-table data 
mining approaches for these tasks have been extended to 
the multiple-table case including relational association 
rules, relational classification, relational decision trees, and 
probabilistic relational models, etc. RDM methods have 
been successfully applied across many application areas, 
such as analysis of business data, bioinformatics, 
pharmacology and Web mining [Dzeroski, 2001]. Table 1 
(adapted form [Senator, 2001]) illustrates the major 
difference between Relational Models (conventional KDD) 
and Relational Data Mining (RDM).  

Link Discovery Functionality 
LD is a crucial step in data mining to counter-fraudulent 
activities and is concerned with the identification of 
complex relational patterns that indicate potentially 
threatening activities in large amounts of relational data. 
The main goal of LD is to identify related objects, entities, 

 Relational Models Models of Relational Data 
Data One type of entity with a set of attributes Non-homogeneous, multi-source, uncertain data 

Data Type Homogeneous data Many types of entities, each with own set of attributes 
Attributes Assume independence among entities Entities are interdependent 

Representation Nodes: variable  
Links: statistical relationship between variables 

Nodes: person, place, organization, event, account… 
Links: relation between two objects (nodes) 

Focus Probability that a given node in the data can 
be assigned a variable, given other variables, 
based on probabilities derived from statistical 
analysis of these variables 

Likelihood that an instance of a specific graph-theoretic 
structure in the data matches a pattern of interest, 
include temporal, spatial, organizational, and/or 
transactional patterns.  

Table 1: Comparison between Relational Models and Models of Relational Data (RDM) (Adapted from [Senator, 2001]) 



events, persons, organizations and plans which lead to 
identifying known, complex and multi-relational patterns 
that indicate potentially threatening activities1 . The data 
and patterns include representations of people, 
organizations, objects, actions and events and many types 
of relations between them including the time tag, which 
indicated the time of occurrence of an event. Given the 
style of data needed for LD, it requires new methods in the 
area of relational data mining. 
 Figure 1 shows a simple example of the link discovery 
problem. The left side of figure shows the relations among 
objects in the database. For simplicity, we illustrate all 
relations in one table. The first column indicates the 
relation, the second column is the object and the third 
column indicates the attribute of the relation. Right side of 
Figure 1 is an illustration of such relations as links among 
objects and attributes. 
 Some issues that make LD a rather challenging task 
include the following: 
                                                 
1 http://www.darpa.mil/iao/EELD.htm 

• Connectivity: many real world LD databases suffer 
form connectivity curse. To be more specific, 
almost all objects in the database including people, 
organizations, locations etc. are connected directly 
or indirectly. Hence, there is a high probability that 
two objects are connected to each other through 
these attributes. For instance in our example in 
Figure 1 Joe-Brown and John-Smith are connected 
among other things because both genders are male. 
The male attribute might not be an important 
relation, but if both Joe-Brown and John-Smith 
share the same nationality that may raise a flag for 
an analyst. 

• Negative Noise (Observablity): This factor 
describes how much of the real data have been 
observable to an analyst. Not all events, that occure 
in the world state, will be known to LD 
components. Many incidents may not be reported or 
might not be observable. For instance, the 
relationship of two people as friend or teammate 

Link Object Attribute 

Surname John_Smith Smith 
FirstName John_Smith John 
HasGender  John_Smith Male 
Surname Michael_Green Green 
FirstName Michael_Green Michael 
HasGender  Michael_Green Male 
CITIZENSHIP  John_Smith Russia 
Surname Joe_Brown Brown 
FirstName Joe_Brown Joe 
HasGender  Joe_Brown Male 
Killer  Action_3 John_Smith 
Killer  Action_3 Michael_Green 
Victim  Action_4 John_Smith 
Killer  Action_4 Joe_Brown 
Linked  John_Smith Location_2 
Found_at_Scene  John_Smith Location_4 
Member  John_Smith Org_34 
Employee  Joe_Brown Org_1 
Killed_by  Mary_Jones John_Smith 
Associate  John_Smith Michael_Green 
Killed_by  John_Smith Joe_Brown 
Used  John_Smith Weapon_2 
Used  Michael_Green Weapon_2 
Murder_Weapon  John_Smith Weapon_1 
Murder_Weapon  Joe_Brown Weapon_1 
Used  John_Smith Weapon_25 
Has-Occupation John_Smith Criminal 
Has-Occupation Michael_Green Criminal 
Has-Occupation Joe_Brown Criminal  

 

 

Figure 1: A simple example of the Link Discovery problem adapted form the Russian Contract Killing (RCK) domain. 
Left: relations among objects presented in a table. Right: illustration of such relations to demonstrate the complexity of 
the domain. 



may not reported in data while it might be a very 
important factor.  

• Positive Noise: There are some evidences that are 
the result of tasks that are very similar to a 
suspicious behavior or show a strong connection 
among parties but they are not.  These patterns are 
similar in certain ways to suspicious patterns and 
they are not easy to differentiate from others.   

• Corruption: Corruption are varies from typo and 
misspelling in names and numbers, to assigning a 
wrong value to a given attribute. An example would 
be naming the wrong hitman as the murderer in a 
contract killing case.  

• Complexity: On one hand, the richer the 
information available to a LD system, the more 
interesting relationships between entities can be 
discovered. On the other hand, many interesting 
connections will not be findable unless 
appropriately rich background knowledge is 
available in whose context the relations extracted by 
EE methods can be analyzed. 

 LD techniques aim to overcome these obstacles to 
discover hidden knowledge in large databases. Examples 
of the hidden knowledge are:  
• Association between individual X and organization 

Y; 
• Link among facility F, owned by Y, and individual 

X. 
• Similarity between agent A’s and agent B’s 

behaviors. 
• Membership of agent A and agent B to the same 

organization 
• Strong connection between individual X and 

individual Z. 

Link Discovery and Other Areas of Data Mining  
 LD is different from other areas of data mining based in 
its view, techniques, focus and methodology. For instance, 
LD techniques are not looking for similarities among 
individuals as a classification task. There can be a strong 
connection, relation or link between two individuals while 
there are no similarities among them. While clustering and 
classification techniques try to maximize the distance 
among classes and minimize the distance within classes 
LD’s main focus is to find strong, valuable and informative 
links among individuals or classes.  
 Moreover, LD has a fundamental difference with outlier 
detection. Outlier detection tries to solve the problem of 
detecting rare events, deviant objects, and exceptions.  In 
addition, usually there is a need for a database including 
normal cases, abnormal cases along with positive and 
negative noise. However, in real-world LD applications 
there is a strong need to analyze and detect a threat by 
mining a series of events even with only a few or no 
previous similar cases. 
 Another aspect of the LD problem is adaptation. 
Individuals adapt themselves to the current monitoring 
policy and data mining techniques frequently. An 

intelligent LD system has to be capable to handle this issue 
as well.  

3. Real World Database 

Before describing the LD database in Section 4 we take a 
quick look on some other real-word datasets and outline 
new findings about the distribution of such data. 
Recognized groups of data typically are skewed and 
exhibit fractal dimension. Many physical systems contain a 
form of functional self-similarity that owes its richness to 
recursion [Schroeder, 1991]. For instance, most  biological 
systems contain self-similar structures that are made 
through recurrent processes [Mandelbrot, 1982]. Human 
brains, ocean flows, changes in the yearly flood levels of 
rivers, voltages across nerve membranes, musical melodies 
and economic markets also create enormously complex 
behavior that is much richer than the behavior of the 
individual component units. New findings in different 
branches of science and technology also show the presence 
of self-similarity and fractal dimensions in different 
domains [Mandelbrot, 1982][Mandelbrot, 1965]. To name 
a few: medical diagnosis (physician treatment and patient 
response), robot navigation (robot move and environment 
response to robot sensors), Internet web logs and network 
behavior monitoring (packet transmission, switch behavior 
and network response), recent measurements of local-area 
and wide-area traffic of traffic data from networks and 
services such as ISDN traffic, Ethernet LAN’s, Common 
Channel Signaling Network (CCNS) and Variable Bit Rate 
(VBR) video are examples of such phenomenon. Many of 
these data exhibits variability at a wide range of time 
scales. [Willinger, 1997][Adibi, 2001][Burlaga, 
1986][Faloutsos, 2001][Feder, 1988][Hsu, 1990] 
 These observations raise caution on designing synthetic 
data. For evaluation of a data mining technique synthetic 
data has to be quite similar to real world data, otherwise 
the evaluation, performance measurement and the result 
provided on synthetic data might be totally different when 
such techniques are applied to real world databases. The 
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Figure 2: Dataset transaction size distribution. Adapted 
from [Zheng, 2001] 



difference between real world data and simulated data has 
been explored in related work outlined below.  
 Zijian Zheng et al, in [Zheng, 2001] have studied the 
difference between synthetic data and real world database 
in market basket analysis through association rules or 
frequent itemset. In their work, they compared five well-
known association rule algorithms using three real-world 
datasets and an artificial dataset from IBM Almaden. Not 
so surprisingly, they have shown that the experimental 
results confirmed the performance improvements 
previously claimed by the authors on the artificial data, but 
some of these gains do not carry over to the real datasets.  
Fig 2. adapted from [Zheng, 2001] shows the difference 
between a real world and an artificial data set provided by 
IBM Almaden.  Fig. 2 shows the frequency relevant to 
transaction size (items bought by a given customer). As it 
shows in the Fig. 2 there are many transaction sizes with 
low frequency and a few transaction sizes with high 
frequency. Such distribution fits in Zipf law distribution. 
 Our own observation also shows that the distribution of 
a real world database follows the Zipf law distribution. In 
the following we first briefly review the Zipf law 
distribution and its characteristics followed by description 
of a real world LD database exhibiting it.  

Zipf Law 
Zipf's law usually refers to the size of an occurrence of an 
event relative to its rank. The two Zipf laws are: the rank-
frequency and the frequency-count. Let )(rf be the 
occurrence frequency of the rth most frequent items in a 
given set.[Hill, 1974][Adamic, 1974] 
 The rank-frequency plot is the plot of the occurrence 
frequency )(rf  versus the rank r, in log–log scales. The 
rank-frequency version of Zipf’s law states 
that rrf /1)( ∝ .  This is typically referred to as the Zipf ’s 
law or the Zipf distribution. In log-log scales, the Zipf 
distribution gives a straight line with slope -1. The 
generalized Zipf distribution (Zipf-like) is defined as 

θrrf /1)( ∝  where the log-log plot can be linear with any 
slope.  The second law, also known as the discrete Pareto 
distribution, involves the count-frequency plot: let )( fc be 
the count of items that appear f times in the document. The 
second Zipf’s law states that ϕffc /1)( = .[Zhiqiang, 
2001] 
 The count-frequency plot actually corresponds to the 
probability density function of the occurrence frequency of 

an item in a set and it is a mathematical consequence of the 
first law. Also, in log-log scales, the count-frequency plot 
of a Zipf distribution will be a straight line, with slopeϕ . 
This graph is illustrated in Fig. 3. 
 Zipf’s law indicates that in such a distribution a few 
elements score very high (the right tail in Fig. 3). Examples 
of such fact are: [Faloutsos, 2001] 

• Language: words that are used extremely often 
• Library: books that everybody wants to borrow  
• Marketing: products that every one wants to buy 
• Websites: websites or pages with lots of interest 
• Olympic: counties with many number of medals 

In addition it indicates that at the end a large number of 
elements score very low (the left tail in Fig. 3). Examples 
of such fact are: 

• Language:  words that are almost never used 
• Library: books that are almost never checked out 
• Marketing: many unpopular products  
• Website: sites or pages with almost no hits 
• Olympic games: countries that never gets a medal 

Other examples are: distribution of file sizes (Zipfs law), 
income distribution (Pareto’s law), publication counts 
(Lotka’s law), length of articles in a newspaper (Zipf), web 
hit counts (Huberman) duration of UNIX jobs (Harchol-
Balter) and length of file transfers (Bestavros+). [Faloutsos, 
2001] 

4. Link Discovery Databases 

Due to respecting people privacy, access to real world 
databases has been a main concern in KDD community in 
past. The LD community is not an exception in this matter. 
In particular, since the LD goal is to relate people, place 
and entities, it triggers concern with privacy issues. The 
balance between privacy concerns and the need to explore 
large volumes of data for LD is difficult problem. The 
development of technology for KDD and LD has 
revitalized concern about the following general privacy 
issues: secondary use of personal information, handling 
misinformation, and granulated access to personal 
information. These issues motivate simulated data for 
performance evaluation of LD techniques. In this section 
we explain the characteristics of a real-world and an 
artificial dataset and we compare some of their 
characteristics.   

The Russian Contract Killing (RCK) Data  
The dataset of contract killings was first compiled by 
O'Hayon and Cook [Cook, 2000] through Veridian 
Systems Division (VSD) [Williams, 2002].  This effort was 
a response to research on Russian organized crime that 
encountered frequent. Each of the contract-killing reports 
provided an image of the criminal scene in Russia, but 
there was no information of how these were linked, what 
the trends were, who the victims were, the relationship 
between victims themselves or the relationship between 
victims and perpetrators. 

  
Figure 3: Illustration of Zipf distribution 



 The database was captured as a series of incidents. Each 
incident in the series received a description of the  
information drawn from the sources, typically one news 
article, but occasionally more than one. 
 Information in the series is based on open source 
reporting, especially Foreign Broadcast Information 
Service and Joint Publications Research Service. In 
addition additional materials on the World Wide Web were 
consulted. Most of the reported killings are from the 1990s. 
The main focus is on Russia, but killings involving Russian 
organized crime outside Russia are also included. 
 In total 166 series incidents have been coded. Database 
includes 1,630 entities including the source entities and 
3,415 links not including additional 532 Person-
Occupation relations. The database has over 40 relational 
tables. The number of tuples in a relational table varies 
from 800 to as little as 2 or 3 elements. The data is 
presented as a series of events in a relational database 
format. This format contains objects described in rows in 
tables, each of which has attributes of differing types. The 
objects consist of the following: 
• Entity Objects: Location, Material, Organization, 

Person, Resource, and Weapon. 
• Event Objects: generic Event 
• Links: used for expressing links between/among 

Entities and Events, and currently consisting of 
those represented by gray color in Table 2. 

Synthetic Version o RCK 
Synthetic version of the Russian Contract Killing data was 
generated by two different simulators. One is a Bayesian 
Network (BN) Simulator [Team, 2002]and the second one 
is a Task-Based (TB) Simulator [Team, 2002]. Our main 
focus is on TB simulator.  
 The Task-Based simulator [Team, 2002] provides a 
flexible mechanism for creating synthetic datasets within 
the EELD program. It includes a pattern specification 
language, a knowledge base, case generation and 
representation, evidence generation and corruption, and 
answer key representations. All the core of the task-based 
simulator are tasks. Each task contains one or more 

methods, where each method has a probability of being 
selected given that its preconditions are satisfied. The 
simulator also provides powerful functionality for filtering 
and corrupting data. This is particularly important to 
represent situations where actual data is expected to have 
low observability. As shown next, the data has been 
presented in simulation output as binary predicates:  
 

(isa UID342 report) 
(eventOccursAt UID342 1/2/2002) 
(reportSource UID342 Bank) 
(reportContent UID342  
 (isa UID15622 Withdrawal)) 
(reportContent UID342 
 (transactionAmount 
   UID15622 22000)) 
(reportContent UID342 
 (eventOccursAt UID15622  
  Jan_1,_2002_2:00:00_AM)) 
(reportContent UID342  
 (transactionAccount  
  UID15622 UID10420)) 

   
 The simulation data include meta-data, such as when 
and where a specific event was reported. The simulator has 
the capability to generate different numbers of agents, 
organization, crimes, group activities, etc. with different 
signal to noise ratio.  
 For comparison with the real database we report our 
result on two different synthetic datasets with different 
characteristics. These datasets are described in Table 3. 
Test 1 includes about 400 people in its data and Test 2 has 
about 2000 people entities. 
 

Table 3:  Synthetic data selected for the experiments 
 

File Name Noise Observability Connectivity Size 

Test 1 High Very low Medium Medium 

Test 2 Medium Very low High Medium 

 

Entities # Events Persons Organizations Locations Materials Weapons 
Events 169 59 -- -- -- -- -- 
Persons 615 531 1,071 -- -- -- -- 

Organizations 320 304 472 140 -- -- -- 
Locations 206 n/a 90 33 2 -- -- 
Materials 7 6 7 2 4 0 -- 
Weapons 148 128 268 11 19 2 1 
Sources 265 265 n/a n/a n/a n/a n/a 

Occupations n/a n/a 532 n/a n/a n/a n/a 

Table 2: Russian Contract Killing Database Characteristics, Links and Statistics 



5. Database Analysis 

In the course of the analysis of these datasets we were able 
to study some of the local properties of the LD graph.  In 
this section we survey these observations and point out that 
traditional random graph models distribution (i.e Normal 
Distribution) would do a poor job of explaining them. We 
interpret the whole database as a graph similar to the graph 
on right side of the Fig. 1. In this graph objects (i.e person, 
location, action etc.) are connected to each other through 
their attributes (i.e. male, John, Smith). 

Notation 
In the following we describe our notation for the rest of 
this section along with assumptions and definitions. A 
graph is characterized by the following: 
 

• Nodes that represent entities such as person, place 
etc. 

• Links, connect two nodes to each other such as 
Gender, which connects Person_124 to Male. 

• E, the set of all edges or links (relations) existing 
in the graph. 

• V, the set of all possible nodes in the graph 
• )(id , the degree of a node i which is the number 

of in-links and out-links connected to the node. 

Degree Distribution 
 We begin with the degree of nodes in the LD graph. Fig. 
4 is a log-log plot with the x-axis as the number of links 
connected to each person and y-axis as number of persons 
with such number of links. The plot suggests that the 
probability that a person has degree )(id  is proportional to 

α)/(1 i  where α  is approximately 2. Such Zipf law 
distributions cannot arise in models that exhibit either a 
Poisson or a binomial distribution. There is much 
information available for a few individuals and not very 
much information for all the others in the database.  The 
total number of links was 6174 links. The average number 
of links per person was 131.36 and the variance of such 
distribution was 137.7. In this graph we have considered 
the following attributes as links, which are connected to a 
given person:  
“attacked_by”,“member”, “killed_by”, 
“owner” “found_at_scene”, “citizenship”, 
“linked”, “used”,“inhabitant”,“associate”, 
“employee”,   and “murder_weapon”. 

Relation Distribution 
In this experiment we count the frequency of “relation-
attribute” pairs (i.e. HASGENDER -> MALE) in the 
database. Interestingly such distribution also shows an 
exponential distribution. Fig. 5 is a distribution with the x-
axis as number of “relation-attribute” pairs and y-axis as 
“relation-attribute” pairs in the Test 1 database. Some of 
the most frequent “relation-attribute” pairs among all 
relations have shown in Table 4. 
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Figure 4: Frequency rank graph illustrating the 
number of people vs. the number of in and out links in 
a log-log scale. Up: data belongs to real world database 
and suggests the Zipf law distribution. The Middle and 
lower graphs belong to synthetic data Test 1 and Test 2 
respectively, which does not follow the Zipf law 
distribution.  



Table 4: Most frequent Relation-Attribute in RCK database.   
 

Relation Attribute Freq. 
Has-Gender  Male  384 
Has-Occupation  Criminal  204 
Residence  Russia  195 
Country Of  Russia 145 
Isa  Killing  120 
Has-Occupation  Business  89 
Methods Shooting  82 
Isa Gun  68 
Isa  Organization_48  61 
City Of  Moscow  57 
Has-Occupation  Other 51 
Isa Organization 8  50 
Isa  Organization 11  44 

 
Fig. 6 is a log-log plot with the x-axis as number of 
relations-attribute. The distribution looks quiet faintly Zipf 
distribution and suggests that some of the pairs are very 
frequent such as “HASGENDER -> MALE” and many of 
them are very unpopular.   

Activity Distribution 
The second property of the RCK database we were 
interested in, was the number of murders with respect to 
individuals in datasets. In this case we were only interested 
in counting attacked_by and killed_by links. This means we 
count the number of people who got killed (or attacked) by 
a given person. Fig. 7 is a log-log plot with the x-axis as 
number of links connected to each person. Again the 
distribution looks faintly like a Zipf distribution and 
suggests that the probability that a person has degree 

)(id (attacked_by and killed_by) to attempt a murder is 
proportional to the α)/(1 i , although here the variations 
seem larger 
 

6. Conclusion 

In this paper we studied some characteristics of real world 
databases for the problem of Link Discovery. While the 
implicit assumption in many data mining algorithm is that 
the data is uniformly distributed, many databases in real 
world applications violate this assumption. They are 
skewed and exhibit fractal Zipf law distribution and /or 
some other non-conventional distribution. 
  

0 50 100 150 200 250 300 350 400 450

 DOCUMENTATION -->  BANK 
 HAS-OCCUPATION -->  MILITARY 

 ISA -->  APARTMENT_OUTSIDE 
 FIRSTNAME -->  OLEG 

 ISA -->  APARTMENT_INSIDE 
 ISA -->  ORGANIZATION_17 
 ISA -->  ORGANIZATION_46 
 COUNTRY-OF -->  UKRAINE 

 COUNTRY-OF -->  UNITED_STATES 
 DOCUMENTATION -->  NEWSPAPER 

 FIRSTNAME -->  ALEXANDER 
 NATIONALITY -->  UKRAINE 

 RESIDENCE -->  UKRAINE 
 HAS-OCCUPATION --> 

 ISA -->  STREET 
 NATIONALITY -->  GEORGIA 

 FIRSTNAME -->  VLADIMIR 
 RESIDENCE -->  UNITED_STATES 

 FIRSTNAME -->  SERGEY 
 ISA -->  ORGANIZATION_12 

 HASGENDER -->  FEMALE 
 ISA -->  ORGANIZATION_7 
 NATIONALITY -->  OTHER 

 ISA -->  ATTEMPTED_KILLING 
 ISA -->  OTHER 

 CITIZENSHIP -->  RUSSIA 
 HAS-OCCUPATION -->  GOVERNMENT 

 ISA -->  LOCAL_GANG 
 NATIONALITY -->  RUSSIA 

 ISA -->  ORGANIZATION_11 
 ISA -->  ORGANIZATION_8 

 HAS-OCCUPATION -->  OTHER 
 CITY-OF -->  MOSCOW 

 ISA -->  ORGANIZATION_48 
 OTHER -->   

 ISA -->  GUN 
 METHOD -->  SHOOTING 

 RIVAL -->   
 HAS-OCCUPATION -->  BUSINESS 

 ISA -->  KILLING 
 COUNTRY-OF -->  RUSSIA 

 RESIDENCE -->  RUSSIA 
 HAS-OCCUPATION -->  CRIMINAL 

 HASGENDER -->  MALE 

 
Figure 5: Distribution of number of relations-attribute in RCK database. 



 

Synthetic data are considered an important alternative to 
real world databases. The following are the main factors 
for such consideration:  

 
• Privacy and security issues increase the need for 

synthetic data for performance evaluation, algorithm 
modification and tuning. 

• A simulation engine provides powerful functionality 
for filtering and corrupting data especially where 
actual data is expected to have low observability. 

 
 For synthetic data to be useful it has to adequately 
represent societal and individual attitudes and it has to be 
similar enough to the real world data.  To be more specific, 
data distribution for variables has to be similar. As it 
shown in some of the related work, those techniques which 
perform successfully on simulated data may fail on real-
world datasets. A wide variety of knowledge discovery and 
LD steps such as data sampling, data cleaning, pattern 
recognition, dimension reduction, abstraction, visualization 
etc. are directly related to data distribution. A true 
representation of data enhances the capability of those 
techniques when applied in real-world applications. 
 We illustrated that an example of a real world databases 
(a.k.a. Russian Contract Killing (RCK)) are skewed and 
exhibit Zipf law distribution and do not follow the 
conventional assumption of Normal distribution. In 
addition, we compared some of the characteristics of real-
world and simulated version of RCK and illustrated that 
they have different distribution.   
 This report is a small part of an on going project. The 
main focus of our effort is to provide a novel framework 
for LD by combining knowledge representation and 
reasoning technology with data mining and statistical 
reasoning. However, as future work of this report, we 
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Figure 6: Frequency rank graph illustrating the 
number of “relation-attribute” pair vs. the frequency 
of such item in a log-log scale. Up: data belongs to real 
world database and suggests the Zipf law distribution. 
The Middle and lower graphs belong to synthetic data 
Test 1 and Test 2 respectively, which does not follow 
the Zipf law distribution. 
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Figure 7: Frequency rank graph illustrating the 
number of “relation-attribute” pair (only killed and 
killed-by) vs. the frequency of such item in a log-log 
scale. Data is from Test 1 dataset and suggests the 
Zipf law distribution.   



would like to do the same analysis for some other possible 
available real world data such as companies inside 
information, publication-authors data and dynamic pricing 
market data such as e-auction to analyze the data 
characteristics in more details. In addition, we would like 
to study the effect of such characteristics on design and to 
evaluate performance of LD techniques which work 
properly on synthetic data.  
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